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Abstract
Canada is the world’s largest producer of canola and the trend of production is ever increasing with
an annual growth rate of 9.38% according to FAOSTAT [1]. In 2017, canola acreage surpassed wheat in
Saskatchewan, the highest producer of both crops in Canada. Country-wide, the total farming area of canola
increased by 9.9% to 22.4 million acres while wheat area saw a slight decline to 23.3 million acres [2]. While
Canada is the highest producer of the crop, yields are lower than other countries [1]. To maximize the
benefit of this market, canola cultivation could be made more efficient with further characterization of the
organism’s genes and their involvement in plant robustness. Such studies using transcriptome analysis have
been successful in organisms with relatively small and simple genomes. However, such analyses in B. napus
are complicated by the allopolyploid genome structure resulting from ancestral whole genome duplications
in the species’ evolutionary history. Homeologous gene pairs originating from the orthology between the two
B. napus progenitor species complicate the process of transcriptome assembly. Modern assemblers: Trinity
[3], Oases [4] and SOAPdenovo-Trans [5] were used to generate several de novo transcriptome assemblies
for B. napus. A variety of metrics were used to determine the impact that the complex genome structure
has on transcriptome studies. In particular, the most important questions for transcriptome assembly in B.
napus were how does varying the k-mer parameter effect assembly quality, and to what extent do similar
genes resulting from homeology within B. napus complicate the process of assembly. These metrics used for
evaluating the assemblies include basic assembly statistics such as the number of contigs and contig lengths
(via N25, N50 and N75 statistics); as well as more involved investigation via comparison to annotated coding
DNA sequences; evaluation softwares scores for de novo transcriptome assemblies and finally; quantification
of homeolog differentiation by alignment to previously identified pairs of homeologous genes. These metrics
provided a picture of the trade-offs between assembly softwares and the k-parameter determining the length
of subsequences used to build de Bruijn graphs for de novo transcriptome assembly. It was shown that
shorter k-mer lengths produce fewer, and more complete contigs due to the shorter required overlap between
read sequences; while longer k-mer lengths increase the sensitivity of an assembler to sequence variation
between similar gene sequences. The Trinity assembler outperformed Oases and SOAPdenovo-Trans when
considering the total breadth of evaluation metrics, generating longer transcripts with fewer chimers between
homeologous gene pairs.
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Chapter 1
Introduction
Since the beginning of DNA sequencing 40 years ago, technology has advanced significantly, allowing
unprecedented volumes of data to be generated from labs of all sizes. Early methods for DNA sequencing by
the Sanger method involved long, labour intensive wet lab protocols. These approaches did not scale well to
whole-genome shotgun sequencing, leading to the large costs observed for genome assembly experiments such
as the Human Genome Project [6]. The research cost of the first human genome has fallen from roughly $100
million in 2001 to nearly $1000 as of 2015 [7]. This has facilitated genome-wide studies of a great variety
of organisms, resulting in the assembly and publication of full genomes, transcriptomes and proteomes. As
the cost for this data decreases, analysis and man-power becomes the bottleneck for conducting genome-wide
studies. While there are more genomes available than ever, there are still many organisms that are of interest
to researchers, whose genome is too complicated to commit the resources to a genome assembly. For example,
many plant genomes are much larger, and more repetitive than animals, which complicates the process of
determining the origin of reads corresponding to short segments of the genome.
Transcriptome assembly is a less resource intensive, genome-wide study that can be done in non-model
organisms. Using de novo (without a reference) assemblers, RNA-seq data sampled from an organism can be
assembled to generate a snapshot of the transcripts present in the sample. The full transcriptome can provide
a wealth of information about the state of an organism: for example, the set of genes that are expressed, or
unexpressed and the relative expression levels of these genes. When coupled with tissue-specific sampling or
growth condition studies, this data provides insight by identifying those genes that respond to environmental
changes perceived by the plant.
There are some difficulties however, in producing a transcriptome with no reference genome to compare
to. Determining the quality of a set of transcripts can be difficult when there is little information about the
true set of genes in an organism. In that case, comparison to a closely related organism is the only means
of confirmation. For organisms with large, complex, or repetitive genomes, assembling transcripts is further
complicated. Polyploid organisms, which contain multiple sets of homologous chromosomes, can contain many
copies of genes. Sequence data derived from genes with a close evolutionary origin, but distinct genomic loci
are difficult for computational techniques to differentiate. This phenomenon can result in the mis-assembly
of distinct transcripts into chimeric transcripts. Additionally, the great variation in expression level of
transcripts compounded with errors in sequencing data can be confused for single nucleotide polymorphisms
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of orthologous gene copies. Reference-based methods can rely too heavily on the known genome sequence,
limiting the study to only the sequences that appear in the reference. Even the most thoroughly annotated
reference genomes do not represent the complete set of genes expressed for a species, as has been shown in
recent studies [8]. These potentially unknown genes can be particularly lucrative to breeders, if they are
responsible for a trait of interest, such as yield or stress tolerance.
Brassica napus (B. napus, rapeseed) is a cruciferous plant of the Brassicaceae family. The term canola
refers to the crops developed as part of a breeding project in the 1970s using rapeseed, producing a group of
oilseed crops defined by a fatty acid profile with less than 2% erucic acid and low levels of seed glucosinolates
(< 30 µM). The Brassica napus species, in its evolutionary history has undergone several whole genome
duplication (WGD) events that have resulted in an allopolyploid AACC genome structure. As a result,
the genome contains many homeologous gene pairs between its A and C sub-genomes which originate from
Brassica rapa and Brassica oleracea orthologous pairs. This is a source of ambiguity during de novo assembly
where RNA sequences originating from different homeolog pairs (transcribed from distinct genes) share similar
sequences of nucleotides. Assembled transcripts can then be constructed from a mixture of RNA sequences
deriving from distinct genomic locations. The problem is exacerbated when the RNA sequences are divided
further into subsequences called k-mers, the basis for the de Bruijn graph method of assembly. When a
sequence read is broken into smaller piece, the read continuity of the sequence is lost.
The two major questions that this thesis focuses on are: what are the effects of k-mer length on de Bruijn
graph assembly, and to what extent do orthologous gene pairs present in B. napus complicate the assembly
process. These are addressed by assembling multiple transcriptomes using current de novo assemblers:
Trinity, Oases and SOAPdenovo-Trans for varying length of k-mers. The performance of these assemblers
was evaluated and compared using a variety of metrics covering a breadth of assembly qualities. The most
basic criteria used for assembly evaluation are the quantity of transcripts and their lengths, measured by mean
contig lengths and N25, N50 and N75 scores. To determine the ability of an assembler to recreate actual
gene sequences, assembled transcripts were mapped against a dataset of predicted coding DNA sequences
(CDSs) from the B. napus genome. The lengths of these alignments as well as the proportion of unique CDSs
mapped by each assembly were considered. Finally, the extent to which related gene pairs, or orthologs, are
erroneously collapsed together into single transcripts was determined by sequence comparison to known gene
pairs in B. napus.
A method for visualization and exploration of the de Bruijn graphs computed by Trinity was developed
in the form of a web-based application called GVART (Graph Visualization of Assembled RNA Transcripts).
This tool allows a researcher to see the branches and paths followed within the simplified de Bruijn graph
created by Trinity to produce the resulting assembled transcript, as well as some highlighted features of the
reported transcript sequence.
The groundwork concepts and technologies that this thesis builds on are covered in Chapter 2. Chapter
3 explains the specific problems and goals of the research project. The data files and procedures used to
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compare de novo transcriptome assemblers, as well as the implementation of the graph visualization tool are
discussed in Chapter 4. Chapter 5 presents the results of evaluating several de novo transcriptome assemblies
with a variety of quality metrics. The de Bruijn graph visualization tool, GVART, developed as part of this
project is presented in Chapter 6. Finally, Chapter 7 contains a discussion of the implications of some of our
findings, as well as some possible directions for future study.
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Chapter 2
Background
2.1 Brassica napus
The cruciferous plant Brassica napus is an oilseed crop that is seeing increased production around the world,
being used for human edible oils, a protein source for animal feed, and as a feedstock in the production of
biodiesel [9]. A major breeding project by Keith Downey and Baldur Stefansson undertaken in the 1970s
used rapeseed to produce the first variety of canola [10], a group of oilseed crops that are defined by a fatty
acid profile with less than 2% erucic acid and low levels of seed glucosinolates (< 30 µM). Since then, the
production of canola has steadily increased throughout North America, China and northern Europe with the
top producers being Canada, China, India, Germany and France respectively [1]. In Canada, canola almost
surpassed wheat in acres farmed, reaching 22.4 million versus wheat’s 23.3 million acres in 2017 [2]. More
recent studies of B. napus include the publication of the genome of the French variety ‘Darmor-bzh’ as well
as homology analysis of napus’s 19 chromosomes to the chromosomes of it’s progenitor species and their
ancestor species; Arabidopsis thaliana and the more distant Vitis vinifera and Amborella trichopoda [11].
These studies have shown that the genome of B. napus has undergone a 72-fold duplication of it’s genome
since the first angiosperms [11, 12].
B. napus has been the focus of many breeding projects, first to reduce erucic acid and glucosinolate
content to make the oils better for human consumption. Current areas of crop development are focused
on increasing yield, either through increasing abiotic stress tolerance or by plant pathogen resistance. In
either case, information about important genes and nearby markers are crucial for breeders to genotype their
crops and relate genomic information to phenotypic traits. These research interests have sparked the need
for transcriptome analysis studies in B. napus to provide growers with improved crop qualities that meet
modern demands.
Polyploid genomes are defined as those that possess three or more complete sets of chromosomes. Poly-
ploidy is common in eukaryotes, and plays a important role in plant speciation [13]. The B. napus genome is
a polyploid genome of 19 chromosomes, 10 originating from Brassica rapa and 9 from Brassica oleracea [14].
The formation of the hybrid B. napus genome occurred roughly 7500 years ago [11] by the hybridization of the
two related progenitors species. The B. napus genome, formed from the joining of two different species, is an
example of allopolyploidy. Allopolyploids differ from autopolyploids in that they represent polyploids formed
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from the hybridization of two species, rather than a polyploid arising from a cross between populations of
a single species resulting in a genome doubling [13]. This genome is an example of tetraploidy (containing
four genomes), resulting from the hybridization of two diploid genomes each containing two genomes. The
fact that the two progenitors of B. napus are so closely related has lead to relatively large proportion of gene
duplication within the compound genome of B. napus. Gene duplication introduces problems in many types
of studies, such as genome assembly, annotation and expression studies, where gene or transcript sequences
that originate from different loci (such as transcripts derived from homeologs in each sub-genome) may share
common sequences as a result of their shared evolutionary origin. These gene relationships are discussed in
more detail in Section 2.3.
2.2 Genomics and Transcriptomics
DNA plays an information containing role and allows an organism to pass on its genetic information to the
next generation by reproduction. By the central dogma of molecular biology, DNA provides the sequence
for genes (as well as mechanisms for their expression) that are transcribed to RNA transcripts. These RNA
transcripts encode the amino-acid sequence of a protein, the functional molecule of cells. Proteins have a wide
range of functional roles: as catalysts for chemical reactions, structural roles (for example as microtubules
in muscle cells), regulatory roles controlling the expression of other genes under certain circumstances and
many more. The intermediary molecule between DNA and protein is RNA. The central dogma of molecular
biology outlines the transfer of information from DNA to RNA by transcription and RNA to protein by
translation. This process is present in all living organisms and the complex interactions between these three
classes of molecules are the focus of a vast majority of biological research today.
Initially with genomics, the various -omics fields have become widely popular in the world of biological
research. The most well-known example is the human genome project, an international research project to
sequence the entire 3.3 billion base pairs of human DNA. This project took roughly 13 years to complete
and cost $2.7 billion [6]. As technology has advanced, the cost and time requirement of such projects has
dramatically decreased. Complete genomic sequences have been developed for many other organisms such as
the fruit fly Drosophila melanogaster [15], yeast [16] and the model plant Arabidopsis thaliana [17]. Using the
complete sequence of an organisms genome, it is possible for a researcher to study the genes and pathways
that give an organism its properties.
Following the success of the major genome assemblies mentioned previously and the ensuing genomic
analysis, other -omics fields have gained traction. An -omics approach is the study of the complete complement
of a type of molecule present in an organism. If genomics is the study of the genome of an organism,
transcriptomics is therefore the study of the RNA transcripts, and proteomics the study of the proteins
expressed. These types of experiments have been facilitated by recent developments lowering the cost of
entry to high-throughput sequencing methods for nucleic acids. These advancements are further discussed in
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Section 2.4. Such technology allows for the generation of large datasets for a specific type of molecule isolated
from biological samples. For transcriptomics; RNA molecules can be sampled from cell tissue, isolated using
centrifugation and DNase treatment, transformed into cDNA via a reverse transcriptase and sequenced as
DNA molecules. These tasks can all be performed with relative ease in a modern molecular-biology lab.
By the process of transcription, small regions of DNA within chromosomes called genes are used as a
template to produce RNA transcripts. A transcriptome is the complete set of all transcripts, and their
relative quantities, expressed from the genes of an organism. There are several forms of RNA including
messenger RNA (mRNA), ribosomal RNA (rRNA), amino acid binding tRNA and other forms of non-
coding RNA involved with gene regulation (miRNA, siRNA, etc.). Typically, transcriptome studies are
most interested in messenger RNA, which are eventually used to produce proteins which carry out cellular
activities. The goal of transcriptomics is to discover the function of these molecules and how they interact
with other macromolecules to create a specific trait, or phenotype, in an individual organism.
In eukaryotes, genes have many of the same features between different organisms. A typical protein-
coding gene contains promoter regions involved with expression regulation, a transcription start site (TSS),
untranslated regions (UTRs) at the 5‘ and 3‘ ends, and several exons and introns between the UTRs. Codons
are groups of 3 nucleotides in the DNA or RNA sequence that code for one of 20 amino acids or signal the
start or end of translation. This is the method by which proteins are encoded by nucleic acids. During
transcription, the nucleotides of DNA from the start of the 5‘UTR up until the end of the 3‘UTR are used
as a template to produce a pre-mRNA molecule. A 5‘ cap (modified guanine nucleotide) is added to the
“front”, or 5’ end of the transcript shortly after transcription begins. The pre-mRNA contains both intronic
and exonic sequence. This molecule is processed by splicing machinery to remove the introns to create the
final messenger RNA (mRNA) molecule that is ready for translation into protein. Alternative splicing may
also occur, allowing for multiple combinations of the exons to be included in the final transcript. By this
process, a single gene can code for multiple transcripts (isoforms) and by extension, different proteins [18].
Model organisms are used extensively in research for several reasons: they often have short life-cycles;
undemanding living-requirements; and a well annotated, relatively simple genomes that are potentially closely
related to other organisms of interest. In model organisms such as Arabidopsis thaliana, the complete genome
along with extensive annotation is available for researchers to use as a groundwork for their analyses. This
makes identifying the source and function of a transcript possible with a single sequence alignment search
using a method such as the popular Basic Local Alignment Search Tool (BLAST) [19]. This paradigm of
research is starting to decline however, as recent studies have shown that single genomes are not totally
representative of a species. A genome analysis of multiple strains of Streptococcus agalactiae done by Herv
Tettelin et al. [8] revealed that not only did the genomes differ significantly in sequence, but new genes
specific to each strain were identified. The study also indicated that even after sequencing hundreds of
genomes from strains of the same species, novel genes would still be discovered [8]. These findings suggest
that reference-based techniques relying on a genome of a single individual are not as representative as once
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believed.
2.3 Gene Sequence Homology
A pair of two genes, or sometimes more, that are similar in sequence are often concluded to be related by
evolution from a common gene ancestor. Homologous genes are sets of genes that evolved independently
from the same gene ancestor. Gene paralogs are a more specific type of homolog that are created from a
gene duplication event within an organism [20]. These genes often evolve new functions within the organism,
related or not to the original function. Orthologs are homologs that are the result of a speciation event,
whereby related genes in two organisms share a common ancestral gene. For example, when a species diverges
into descendant species who are reproductively independent, the two gene sequences accrue random variation
independently. By this process, genes that once originated from the same sequence diverge into similar, but
different genes that often retain the same function. The term homology can be applied to sequences of genes
(DNA), proteins, genomic regions or even entire chromosomes. The term has also been used in the context of
phenotypic traits, for example in comparative anatomy of the bone structure of winged mammals compared
to a human hand containing the same number of joints and bone segments is an example of paralogous
phenotypes. The two appendages evolved from a common ancestor, but have diverged to perform different
functions.
Due to the evolutionary history of B. napus, many homeologous genes exist within the plant’s own
genome. B. napus has been shown to be a product of a hybridization event between the two closely related
species Brassica rapa and Brassica oleracea. These two progenitor genomes, because of their close relatedness,
share many orthologous gene pairs that have become homeologous pairs when the genomes were combined
to create the B. napus genome. The term homeolog, refers to a special case of gene orthologs where the
two homologous genes are present within a single genome. The genome of B. napus can be thought of as
containing two subgenomes, A and C, with the majority of genes within one subgenome being similar in
sequence to another gene within the other subgenome. An example of homeology in B. napus wuold be gene
within the A subgenome related to a gene within the C subgenome whereby the two genes originate from B.
oleracea and B. rapa respectively. The two ancestral genes from the progenitors are orthologs, and developed
into homeologs within B. napus when the two genomes hybridized. These orthologous genes resulting from
gene duplication is an important force for evolution. After a duplication event, the two genes undergo
functionalization in one of a number of ways. By conservation, the two genes maintain the function of the
original ancestor. Neofunctionalization results in one gene mutating to perform a new function distinct from
the ancestor while the other maintains the original function of the ancestor. Subfunctionalization causes both
gene copies to develop new functions in the organism while maintain the original function of the ancestral
gene in tandem. Finally, specialization results in both genes evolving new functions distinct from one another
and the ancestral gene [21]. The Brassica family of plants is a well-studied model for these processes due
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to the genome triplication observed since the family’s divergence from the model plant Arabidopsis thaliana
[22].
Figure 2.1: Diagram of the homologous relationships between a gene and its descendants after
duplication, speciation and hybridization events throughout a hypothetical organism’s evolutionary
history. Dotted line boxes and numbered circles represent distinct organisms or species resulting from
the three evolutionary events (duplication, speciation and hybridization). Square gray boxes represent
genes sharing a common ancestral gene and are all homologs. Adapted from Walter M. Fitch, 2000
[23].
Figure 2.1 provides an example hypothetical organism’s evolutionary history very similar to the one
observed for B. napus. Due to the common ambiguous usage of terminology for different relationships of
homology, this diagram will be used to explain the usage of terms in this thesis. Firstly, homology is the
broadest term for any two genes or traits that share a common ancestor. All pairs of genes within the diagram
are homologs, as they all share the very top-most gene as an ancestor. The term ortholog is used to identify
homologous genes originating from a single gene resulting from a speciation event. In the diagram, genes X1
and X2 as well as Y 1 and Y 2 are examples of pairs of orthologous genes. Paralogs are homologous genes
resulting from a duplication event, examples of which would be X and Y , X1 and Y 1, and X2 and Y 2.
Another important subset of homologous genes are homeologs (alternative spelling: homoeolog) which are
unique to allopolyploid organisms. Homeologs are the result of a polyploidization, or hybridization event that
joins the genetic material of two related organisms. Genes X3a, Y 3a, X3b and Y 3b would all be considered
homeologous as they result from the combination of homologous genes from two related progenitors into a
single genome.
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2.4 Nucleic Acid Sequencing
2.4.1 Sanger Sequencing
DNA sequencing has been an ever evolving technique since the 1970s. The first breakthrough in the field
was with chain-terminating inhibitor sequencing. This method was developed by Frederick Sanger [24],
from whom it gets its more common name of Sanger sequencing. By this method, four iterations of the
DNA synthesis reaction are carried out. Each reaction includes the DNA template to be sequenced, DNA
primers to initiate synthesis, a DNA polymerase, the four normal deoxynucleoside triphosphates (dNTPs)
and one altered nucleotide; di-deoxynucleosidetriphosphate (ddNTPs) for each reaction which terminates the
synthesis reaction upon incorporation to the growing DNA strand. In each reaction, many DNA templates
are copied and the incorporation of the terminating ddNTPs occur at random points in the reaction, causing
multiple DNA copies of various length, all of which end with the incorporation of the base pair corresponding
the the ddNTP present. Determining the lengths of the resulting fragments yields the base-pair position
of the corresponding nucleotide in the sequence. The fragments were originally separated by size using gel-
electrophoresis in four lanes (one per reaction) whereby the sequence can be read by observing the bands from
the bottom to the top. Advancements were made to introduce capillaries with the capability to sequence
up to 384 molecules at a time. This technique allows for sequencing DNA fragments up to 1000 bps but
is quite labour intensive and time consuming compared to more modern techniques. The first completed
human genome in 2001 used the whole-genome shotgun approach along with Sanger sequencing [25, 26].
This involved breaking the genome into random fragments of DNA and sequencing the smaller fragments.
These sequences, called reads, are then overlapped and pieced together into the full genome using assembly
software. More recent genome assembly projects make use of the longer reads generated by Sanger sequencing
in tandem with next-generation short-read methods. This allows for longer repeat regions to be correctly
assembled and contigs and/or scaffolds to be joined into full chromosomes.
Building upon the foundations of DNA sequencing, RNA sequencing techniques provide novel methods
for studying organisms, particularly gene expression studies. RNA sequencing however, does introduce a
few unique complications to overcome. One difficulty is the occurrence of RNA-ase enzymes produced by
humans as a defense against foreign RNA. These enzymes degrade RNA quickly and make sample preparation
more difficult. The presence of ribosomal RNA and tRNA, which are not of particular interest to most
transcriptome analysis, makes up the vast majority of RNA. These molecules must be removed during sample
preparation, so as not to drown out the observation of mRNAs. As there are no current techniques for direct
sequencing of RNA, it must first be converted back into DNA using a reverse-transcriptase enzyme reaction
before being sequenced. This adds an extra step not present for normal DNA sequencing experiments.
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2.4.2 Next-Generation Sequencing
The next major improvements were made in the late 1990s. New techniques, termed “next-generation”
sequencing methods, automated the process of sequencing and provided improvements in speed and cost.
454 pyrosequencing, Illumina sequencing and Ion-torrent semiconductor methods were invented. These tech-
niques all use a massively parallelized approach where a large number of DNA fragments are sequenced
simultaneously. They vary in how the DNA template is prepared and stored and how the addition of nu-
cleotides to the the growing template are detected and identified [27]. While there were a few competitors at
the onset of the next-generation sequencing boom, as the technologies matured, several promising methods
died out while others flourished. For example, the pyrosequencing method, while it was the first technology
to provide relatively long insert lengths for paired reads, the technology ultimately could not compete with
the cost-effectiveness and throughput of the Illumina sequencing method. When Illumina also began intro-
ducing methods for sequencing longer inserts, it became the obvious choice. More recently, the very long
sequences produced using the single-molecule real-time sequencing developed by PacBio has been somewhat
overshadowed by the very new, Oxford Nanopore sequencing technology, which provides relatively the same
length of sequences in a more cost-effective, and simple way.
2.4.3 Solexa, Illumina
Developed by two Cambridge scientists, Shankar Balasubramanian and David Klenerman, the sequencing by
synthesis (SBS) technology [28] has become one of the most widely used sequencing techniques. The two
researchers went on to form the Solexa company in 1998 which would later be acquired by Illumina to further
improve the sequencing technique. The high-throughput generation of large quantities of DNA sequence data
at relatively low cost has made SBS a popular choice for genomics research.
Current iterations of Illumina sequencers operate on fragments of DNA between 200 and 8000 bps gen-
erated by a library preparation step. Adapter sequences are added to the ends of each DNA fragment, one
of which contains a cleavage site. These adapters are complimentary to adapters affixed to the flowcell of an
Illumina sequencer to immobilize the DNA templates. Once the templates are bound to the flowcell, the first
copy is synthesized using the adapters as primers. The original template is washed away while the first copy
is covalently bound to the surface of the flowcell. Amplification of these fragments into clusters occurs by the
iteration of three buffer washes that catalyze the denaturation, annealing and extension of the DNA. The
process is repeated to generate many copies of each DNA fragment localized to clusters where the original
library molecule was present. Sequencing is done on the clusters one base at a time by repeating cycles.
Fluorescently labeled dNTPs (each base with a different colour) are added and incorporated into the growing
DNA strand. The labeled bases also act as reversible-terminating inhibitors, similar in principle to the Sanger
method to cease DNA replication upon their addition. Once the labelled dNTPs are added and detected, the
reversible-terminator is deactivated and the next cycle of extension is carried out [29]. Parallelism is achieved
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by the presence of many clusters undergoing this process simultaneously on one flowcell. Images capturing
the dNTP fluorescance of the entire flowcell keep track of the coordinates for each observation, corresponding
to a cluster, or DNA fragment being sequenced.
There is a chance that an incorporation event does not occur correctly for one or more of the DNA
fragments. Either extra extensions (pre-phasing) or missing an extension (phasing) will occur in a portion
of the extending DNA molecules. As the replication continues producing longer and longer sequences, these
errors accumulate causing noise and leading to a drop in base-calling quality in the 3’ end of the sequences.
These are typically trimmed using read quality control software, such as Trimmomatic [30] and FastX-toolkit
[31].
Reads produced by an Illumina sequencer are now typically 125 or 250 bp paired-end sequences. Paired-
end reads correspond to two sequence reads derived from sequencing both ends of a fragment of DNA. This
fragment can vary in size from 200 up to 700 bps in paired-end experiments. Mate-pair experiments generate
paired reads from longer fragments, approximately 2-8 kb, by first Biotynilating the ends of the long fragment,
joining the ends to form circular DNA, fragmenting into shorter fragments and selecting the Biotynilated
DNA for sequencing [32]. HiSeq machines are capable of generating 3 billion reads per run in high output
mode, yielding up to 600 gigabases (1,000,000,000 base pairs) of sequence data in roughly 12 days [33]. The
error rate of all Illumina platforms are roughly 0.1% [34], measured as the percentage of erroneous base calls
within single reads of the maximum length.
2.4.4 Ion Torrent
The Ion Torrent sequencing technique is another SBS method, however detection of nucleotides makes use
of the liberation of a H+ ion after the incorporation of dNTPs during DNA synthesis. Since there is no
difference in pH change between the incorporation of the different nucleotides, each nucleotide is supplied
to the reaction in alternating washes, with a boolean signal for whether or not extension occurred in the
growing DNA sequence. The change in pH is relative to the number of bases incorporated, so if there are
multiple repeating bases in the template, the incorporation of multiple bases in a single wash can be detected
by a change in pH proportional to the number of repeated nucleotides.
A typical run takes 4 hours and produces 4 million single-end reads of 200-400 bps with reported error
rates of 0.46% up to 2.4% [34].
2.4.5 Single Molecule, Real-Time Sequencing (SMRT)
Pacific Biosciences developed a method for observing the addition of nucleotides in real time as a DNA
template is being replicated by a DNA polymerase [35]. This technique does not belong to the NGS wave
of sequencing technologies, but has gained interest much more recently. Their method uses a zero-mode
waveguide (ZMW) to observe the incorporation of each fluorescently labeled nucleotide. SMRT sequencers
utilize a single DNA polymerase immobilized to the bottom of a ZMW bound to the DNA template. As
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each phospholinked nucleotide is incorporated, the ZMW is excitated by laser light from below, emitting
wavelengths of light corresponding to the four possible nucleotides. The inclusion of numerous ZMWs and
therefore multiple simultaneous reactions allows for high-throughput sequencing of many molecules in par-
allel. The ability to sequence molecules as they are extended in real-time is a vast improvement over other
techniques, which rely on either termination of extension, followed by reactivating extension, or alternating
washes of single nucleotide solutions [29].
The SMRT Chip technology allows for very long read lengths, reporting up to 50% of the reads being
longer than 10,000 bps. These long reads are especially exciting for RNA sequencing, as a single read can
account for an entire RNA molecule, forgoing the requirement of assembly. A single run can generate 0.8
million reads or 5 Gb of read data. Reported error rates are less than 1% [34].
2.4.6 Maturity of Sequencing Technologies
While there are a variety of options for sequencing methods available, several stand out for use in genome
and transcriptome assembly experiments. The early days of NGS included many competing technologies with
equal promise. Now however, a few technologies have stood out and become dominant methods in the field.
The most important factors for an assembly experiment are error-rates, and cost per base pair. Assembling
a large quantity of data requires many reads, in order to ensure that each piece of the puzzle is sufficiently
represented to appear in the final assembly. The more cost-effective sequencers provide the means to generate
more bases for less money, and when research projects are funded by grants, this becomes an important
consideration for the scientist. The error-rate of the technology is also of concern, as single base pair errors
can look a lot like single nucleotide polymorphisms when the coverage is low. When assembling reads together,
errors can mean the difference between linking two reads or not, or even joining two scaffolds. For these two
reasons, the Illumina platform has come out ahead of the other competing methods for high-throughput
short-read sequencing (Ion torrent and 454 pyrosequencing). The next wave of sequencing technologies,
with a shift towards parallel sequencing of relatively much longer reads includes PacBio’s SMRT technology,
and the Oxford Nanopore sequencers. The Oxford Nanopore aims to provide the same long-read, real-time
sequencing as PacBio’s SMRT chips, but for cheaper and with fewer errors [36], although it is still in the
early stages of public use. It is yet to be seen which of these two will become the standard.
2.5 Sequence Assembly
Early sequence assemblers were built upon the foundations of sequence alignment programs in order to
assemble large quantities of reads to form a larger contiguous sequence (contig). Initially, these assemblers
only dealt with small genomes of viruses and bacteria due to limitations of the sequencing technology of the
time. As sequencing technology advanced, assemblers were required to process larger quantities of data. To
be able to sequence eukaryotes and eventually the human genome, software tools became more sophisticated
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to handle larger quantities of data containing repetitive sequences and sequencing errors. The genome of
Drosophila melanogaster was an early example of a relatively complicated genome project. The genome was
completed using the Celera assembler [15]. A year later, the Celera assembler was used to create the first
draft of the human genome.
While there are many assembly tools, they all fall into one of two main categories: reference, or de
novo. Reference algorithms require a template sequence to map new reads to. A reference genome allows for
faster and less memory intensive aligning of the transcript reads to their position in the genome. In de novo
methods, each transcript read has to be compared to all other reads in order to determine which reads come
from the same transcript.
While full genomic sequences for new organisms are now being published constantly, the demand for
research in non-reference species is still common. Whether an organism is newly discovered and not well
understood, or the funding is not sufficient to justify a full genome assembly project, researchers are now
undertaking many projects without the existence of a reference genome dataset. Transcriptome assembly is
one such area of research, whereby the sequences of expressed RNA transcripts can be generated using RNA-
seq data without comparison to the genome. These methods rely on determining the overlaps between short
sequences, either reads or subsequences derived from reads, to determine the underlying biological sequences.
There are three approaches that have been used over the years to accomplish this task. One benefit of de
novo assembly is the potential to discover new genes. Even in species with a reference-genome available,
the published genome likely does not exhaustively represent the full set of genes for the species. De novo
experiments allows the researcher to discover novel sequences outside the reference-genome.
2.5.1 Greedy Assembly
Early assemblers such as phrap which was used as part of the human genome project, and TIGR [37] used
in the assembly of Haemophilus influenzae [38] and Mycoplasma genitalium [39] used a greedy algorithm
for assembling sequence reads. These approaches do not exhaustively compare reads, but iteratively choose
the best overlapping read for the current extending contig from a subset of the total readset. This process
fails to utilize global information carried by paired-reads in order to increase performance to deal with large
quantities of data in a reasonable time frame. This is particularly problematic for repetitive regions. As of
writing this thesis, there are no popular contemporary transcriptome assemblers that use this approach for
assembly.
2.5.2 Overlap-Layout-Consensus (OLC)
These algorithms exhaustively search the read space and find overlaps between reads. During the overlap
step, each read is compared pairwise to every other read. An overlap graph is then built, representing reads
with nodes, and connecting the nodes with edges where sufficient overlap has been found to be considered
biologically relevant. In the layout step, stretches of the overlap graph are condensed into contigs, whereby
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some edges that are extraneous and can be represented by combinations of other edges are removed to create
linear stretches of graph. Finally, the consensus step considers the reads that represent a contig, and report
the nucleotides in the sequence with the best representation in the read data.
Due to the nature of pairwise comparison of each read, the performance of the overlap-layout-consensus
(OLC) approach is heavily dependent on the quantity of read data used. This makes the time required for
building the overlap graph scale exponentially with the number of reads. The overlap graphs also scale in
size with the number of reads. The current trend of high-throughput short-read sequencing, such as with
Illumina HiSeq machines, has made assembly by this method very time-consuming and memory intensive.
The Celera Assembler [15] created by Eugene Myers et al. used a variant of this approach to achieve the
whole genome assembly of the fruit fly Drosophila melanogaster. This assembly made use of 3.2 million reads
obtained by sequencing the ends of Bacterial artificial chromosome (BAC) vectors to obtain mate-pair reads
[15]. The OLC method of assembly has seen a decline in popularity as modern sequencing experiments using
next-generation sequencing technologies can result in read sets containing anywhere from tens to hundreds
of millions of sequences.
2.5.3 de Bruijn Graph (DBG)
The de Bruijn Graph (DBG) is a way to represent overlaps between strings of letters or symbols via a
directed graph. Nodes of the graph represent each unique string of a specific length, k, using an alphabet
of m symbols. This allows for a possible graph size of mk nodes. Sequence overlaps are represented by the
edges connecting two nodes which are present only when the rightmost k − 1 symbols of a node, N1, are
identical to the leftmost k− 1 symbols of another, N2, resulting in the edge: N1 → N2. A visual comparison
of OLC and DBG assembly algorithms is shown in Figure 2.2.
The de Bruijn graph can be applied to transcriptome assembly by breaking up the RNA-seq reads into
their constituent sequences of length k. These subsequences are referred to as k-mers. The alphabet for such
a sequence graph would have four symbols corresponding to the four nucleotides that make up the sequence
data, A, T, C and G. The existence of each edge can be computed efficiently by storing each individual
k-mer in a hash using the sequence as a key. Since there are only four symbols, there are only four possible
outgoing edges from each node. These can be searched for by simply determining if the corresponding four
sequences are present in the hash. Once the existence of each edge is determined, the connected components
of the graph are then traversed to build transcripts starting with the sequence of the first root node, and
adding one base for each additional node visited. Assuming an ideal dataset where distinct genes do not
share sequences of length k or longer, each connected component of the de Bruijn graph can be assumed
as a separate transcript. In practice however, sequences of length k or more in common between genes
cause separate genic regions to be represented in single connected components. Sequencing errors may also
introduce k-mers that erroneously join reads derived from different loci. Additionally, there is no implicit
method in the DBG algorithm to follow the k-mers deriving from a single read until it’s conclusion, which
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Figure 2.2: Comparison of the two techniques for de novo assembly of transcriptomes from short-
read sequences. (A) Overlap-layout-consensus techniques directly aligning reads, while (B) de Bruijn
graph assemblers divide reads into k-mer subsequences, build a graph using k-mers as edges between
the k − 1mer prefix and suffix. The transcript is determined by computing the Eulerian path (path
traversing all edges) of the graph, adding one base to the growing transcript with each edge. Note
that multiple Eulerian paths exist in the shown example, a problem that is less prevalent with longer
k-mers. Adapted from Phillip E.C. Compeau et al., 2011 [40]
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results in a loss of read coherence. Additional methods for identifying these errors are necessary to make
DBG algorithms biologically meaningful, and are often what differentiates DBG-utilizing softwares from each
other.
The properties of de Bruijn graphs have several implications for their application to genome and tran-
scriptome assembly. Most importantly, DBGs eliminate redundant data resulting from repetitive sequences
of DNA. The size of de Bruijn Graphs are bounded by the number of unique k-mers (mk), which for biological
sequences is 4k.Though usually, the complete set of possible k-mers is not present in a read-set. The length
of the k-mer subsequences used is always an odd integer, to prevent any k-mer sequence being the reverse
compliment of itself. These subsequences can theoretically be as short as 3 bps, and as long as the length of
reads used. Though these extremes are not useful, as very short k-mer lengths (< 21 bp) lose a great deal
of read coherence and very long k-mers are prohibitively strict on the length of read overlaps. OLC algo-
rithms on the other hand, require the comparison of each read to all others for a thorough search. Therefore,
as the read-depth of a sequencing experiment increases, the performance benefits of DBG algorithms over
OLC algorithms increase. This is especially important in the current age of sequencing where short-read,
high-throughput sequencing techniques dominate the market (such as the Illumina platform).
2.6 Evaluation of Transcriptome Assemblies
2.6.1 Contig Metrics
The primary goal of sequence assembly is to combine the reads into contiguous sequences that are repre-
sentative of the actual genomic content of the organism of interest. Since the true assembly is not known,
the quality of each assembly is approximated by several different metrics. Most frequently the lengths of
assembled sequences is used as a method for comparing assemblies. In the case of genome assembly, the al-
gorithm attempts to generate entire chromosomes and the number of chromosomes may be known. Genome
assemblies then attempt to assemble sequences that are as long as possible and try to assign them to a
chromosome. Thus, genome assemblies are often aiming to assemble the longest contiguous sequences while
keeping the number of sequences as low as possible. Most commonly, the contig length statistic of N50 is
used to assess a genome assembly, with larger values being better. The N50 statistic is a weighted mean
of the lengths of assembled sequences. Simply put, the N50 is the length of contig such that 50% of the
assembled bases are in contigs longer than the N50 value, calculated by ordering the contigs by descending
length and summing their lengths until 50% of the total assembly base pairs is reached. The length of the
final contig summed when this threshold is reached is the N50 value. This process can be used for other
cutoffs, for which the corresponding statistic is termed Nx where x is the cutoff percentage of assembled bp.
Common lengths, such as N25 and N75 are used in conjunction with N50 to provide a distribution of the
contig lengths.
There are several extensions of the Nx statistics that aim to better explain the quality of an assembly.
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NAx statistics incorporate potential for mis-assembly of sequences into the standard Nx statistics by align-
ing the assembled contigs to a reference genome and counting the lengths of blocks of correctly assembled
sequence. This process requires a high-quality reference genome to determine the portions of each contig that
represent aligned blocks [41]. Another statistic is the NGx statistic, which aims to correct for bias towards
assemblies that gain artificial benefits to Nx scores by filtering short contigs. This is done by summing contig
lengths in descending length order until reaching a threshold of the organism’s genome size, rather than the
total assembly size [42]. It is possible to combine these two approaches, by summing the alignment blocks up
to a threshold of the genome size, which is termed the NGAx statistic, solving both the issue of filtering short
contigs and mis-assembly of sequences simultaneously. Another variant of the Nx statistic that is specific
to transcriptome assembly is the ExN50 statistic created by the creators of the Trinity [3] assembler. This
measure is computed by summing the lengths of the most highly expressed transcripts up to a percentage of
the total normalized expression data [43]. There are several tools available to compute these scores for an
assembly, including the de novo transcriptome assembly evaluation software TransRate [44] that is further
discussed in section 2.6.3.
Transcriptome assembly is complicated by the unknown distribution of sequence lengths in the true
assembly. It is difficult to know how many expressed genes there are at the time of sampling, because not
all genes will be expressed at one time for any tissue type. The lengths of transcript sequences also vary
greatly due to mRNA processing which splices out introns, and the great range of transcript lengths for any
given organism. Therefore, it is necessary to operate under several assumptions about the transcriptome: 1,
depending on the tissue type used for sampling, only a portion of the genes will be expressed in the sample,
2, the lengths of RNA transcripts will be a range of values, 3, the presence or absence of non-coding RNA
sequences depends on the type of library preparation and sequencing protocols used. For example, total
RNA-seq experiments contain all type of RNA, including rRNA and tRNA, PolyA selection includes only
coding RNA, and rRNA depletion techniques leave both coding and non-coding RNA in the sample.
2.6.2 Read Alignment and Sequence Comparisons
Another popular method for evaluating assembled sequences is by comparison to either known sequences, or
to sequences from a closely related organism. This can be done by searching a database of sequences, such as
with the popular tool BLAST (Basic Local Alignment Search Tool) [19]. BLAST allows a researcher to search
against a public database containing sequences from many organisms or the creation of a local database from
a collection of sequences. An alternative to BLAST is the BLAST-Like Alignment Tool (BLAT) [45], which
is a very fast method for many-to-many sequence alignments.
2.6.3 Evaluation Software
Due to the popularity of whole transcriptome assembly in non-model organisms, new techniques for assessing
assembly quality are being developed. To date, two software tools for reference-free transcriptome assembly
17
evaluation have been published, RSEM-EVAL [46] and TransRate [44]. Both tools use the read data as input
to provide an assembly score. They differ in how the scores are calculated, which affects how the resulting
scores can be used.
DETONATE RSEM-EVAL:
The RSEM-EVAL approach developed by Li et al. [46], aims to provide a score that corresponds to the
probability that the input set of reads is explained by an assembly. The RSEM-EVAL assembly score is
the sum of three components: an assembly prior score, a likelihood estimate, and a Bayesian information
criterion (BIC) penalty. In practice though, the largest factor in the RSEM-EVAL score is the likelihood
estimate which has the largest effect on the final assembly score. The contribution of each contig to the full
assembly score is also reported, which allows contigs to be filtered based on the criteria of RSEM-EVAL to
remove problematic or unsupported contigs.
The first part of the RSEM-EVAL assembly score, the assembly prior, penalizes contigs with lengths that
are not likely given the read coverage over the transcript it originated from. The prior score also favors
shorter assemblies in general, that account for the reads in as few bases as possible.
The likelihood component uses the RSEM model [47] to generate a probability distribution over the
dataset, D, of RNA-seq reads using an assembly, A, in place of the full-length transcripts T . A repeat-
ing process of generating reads from the assembly, using the contigs as full length transcripts, and then
determining if the reads completely cover the contigs is done, resulting in a likelihood of the form:
P (D|A,ΛMLE) = PRSEM (D|T = A,Θ
c
MLE)
PRSEM (C = 1|T = A,ΘcMLE)
(2.1)
where PRSEM is the probability under the RSEM model; C = 1 is the event whereby each position of the
assembly is covered by reads that overlap by at least w bases and ΘcMLE is the equivalent parameter values
of the RSEM model given the maximum likelihood expected read coverage values, ΛMLE [46].
Finally, the BIC penalty penalizes assemblies based on the total number of contigs, favouring assemblies
with fewer total sequences. This is proportional to the logarithm of the size of the read data set N and
the product of the number of free parameters; which are the expected coverages of each contig, M, plus one
parameter for the expected number of reads from RSEM’s noise model [46].
The assembly scores calculated by RSEM-EVAL as part of the DETONATE software package are heavily
tied to the RNA-seq dataset and are therefore not comparable between assemblies using different RNA-seq
data sets. There is also no possible way to determine what constitutes a “good” or “good enough” threshold
for DETONATE scores. This makes assessing an assembly based on the RSEM-EVAL score alone very
difficult. The scores provided by RSEM-EVAL are more suited to comparing multiple assembly softwares, or
parameter sets when refining an assembly over multiple iterations to rank assemblies.
TransRate:
The TransRate software package is another means of assessing the quality of a de novo transcriptome
assembly using only the RNA-seq reads as input. This is done by calculating and reporting two scores:
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the contig score for each assembled transcript and the total assembly score. Each contig score is a product
of four components: (1) s(Cnuc) the bases of the assembled transcript correspond to those in the true
transcript, evaluated by examining alignments between the read data and the assembled transcripts; (2)
s(Ccov) the number of bases in the assembled contig is the same as the true transcript, which is evaluated
by measuring the proportion of bases with no coverage in the read-data; (3) s(Cord) the order of bases in
the assembled transcript corresponds to the order present in the true transcript, evaluated using read-pairing
data to determine if the reads align to contigs while preserving their paired orientation; and (4) s(Cseg) the
assembled transcript represents a single true transcript, evaluated by the probability that the coverage of
reads over the transcript is univariate.
The assembly score (T ) is calculated by the geometric mean of the mean contig scores and the proportion
of successfully mapped read pairs of the form:
T =
√√√√( n∏
c=1
s(C))
1
2Rvalid (2.2)
where s(C) is the product of the four contig score components:
s(C) = s(Cnuc)s(Ccov)s(Cord)s(Cseg) (2.3)
Calculation of the four components are done as follows. The s(Cnuc) score is determined by calculating
the “edit distance”, e, between each contig and the reads that align to it. The maximum edit distance, e′,
is determined by the threshold for read alignment. Finally, support values for each contig are calculated as
1 − ee′ . Support values for each read that align to the contig are averaged to produce the s(Cnuc) score.
The s(Ccov) score is calculated by the fraction of bases in the assembled contig with at least one overlapping
mapped read. The s(Cord) makes use of paired information in the read data. First, 1% of the reads are used
to determine the fragment size mean and standard deviation. The full set of read pairs is then evaluated,
classifying correct pairs if both reads align to the same assembled contig, the orientation of the reads is
consistent with the library preparation and the relative position of the reads is consistent with the previously
determined mean and standard deviation fragment lengths. s(Cord) is calculated as the proportion of correct
read pairs is the data-set. Finally, the s(Cseg) score is determined by examining the coverage of reads across
each contig. Using a Bayesian segmentation algorithm, the probability that the coverage of each nucleotide
derives from a single Dirichlet distribution is evaluated. This probability is used as the s(Cnuc) score.
The developers of TransRate have identified several major assembly errors and classified them into types.
They purport that the four contig component scores can identify and penalize these common errors. For
example, chimeric transcripts consisting of the assembly of reads originating from two separate transcripts
into one assembled contig would potentially exhibit a noticeable difference in read coverage of the contig.
These chimeric assembled transcripts would be penalized by the s(Cseg) contig score component.
Using the contig scores, TransRate also provides an optimized assembly score by determining the contig
cut-off score in order to trim contigs such that the assembly score is maximized. The developers do warn
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that this process has the potential to filter out accurately assembled contigs with low abundance that may
be incompletely covered.
In order to contextualize the assembly scores provided by the TransRate software, the developers have
evaluated 155 published transcriptomes, where the read-data was available. They have indicated that an
assembly score of ≥0.22 (or ≥0.35 optimized assembly score) would represent a better assembly than 50% of
the published assemblies. They also advise that quality of the read-data has the largest impact on assembly
score, more so than the quantity of reads or assembly methods.
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Chapter 3
Research Goal
The overall objective of this thesis is to evaluate the current state of transcriptome assembly software
in the context of a complex allopolyploid genome. The highly duplicated genome of B. napus provides a
number of complications for de novo assembly of RNA seq data into transcript sequences. The occurrence
of multiple homeologous regions within the genome can result in reads from different genomic locations
being overlapped during assembly, collapsing duplicated genes into chimers. A variety of evaluation metrics
were used, based on assembly statistics like quantities and lengths of contigs, comparison to annotated B.
napus genes, transcriptome evaluation software scores, and finally, the quantification of assembled transcripts
including fragments of homeologous gene pairs originating from distinct gene loci.
The secondary objective was to provide a means to better observe the underlying mechanisms and proce-
dures behind de Bruijn graph assembly. To accomplish this, scripts were created to parse Trinity assemblies,
reconstruct and simplify the de Bruijn graphs and format them for display in an explorative, interactive
web-tool.
Three prominent de novo assemblers were identified from the literature: Trinity [3], Oases [4] and
SOAPdenovo-Trans [5]. These assemblers were used to generate multiple transcriptome assemblies using
varying parameters. Specifically, the k-mer length parameter was identified as an important factor in as-
sembling short read data for de Bruijn graph based algorithms. For shorter values of k, the probability of
erroneous overlaps increases as there are fewer distinct k-mer sequences. Increasing the value of k should, in
theory, decrease the number of erroneous overlapping reads as the required overlap length is longer. In order
to test this theory, we generated assemblies over the range of possible k-mer lengths for each assembler.
3.1 Evaluation of Transcriptome Assembly Software
Several metrics were employed to get the whole picture of transcriptome assembly quality. Starting with the
basic metrics of quantity and lengths of transcripts produced by each assembler, a basic comparison of the
distribution of transcript lengths was produced. While these metrics are much more important for genome
assemblies, they are still an important indicator for transcriptomes, to determine if an assembler is producing
a reasonable quantity of transcripts at expected lengths.
To evaluate the accuracy of assembled transcripts, we can compare the sequences to a set of annotated B.
21
napus coding DNA sequences (CDS) created from the reference genome. By aligning assembled transcripts
to known sequences, it is possible to evaluate the number of genes expressed by quantifying the unique CDSs
represented by each assembly. The length at which these sequences were represented was used to determine
which assemblers or parameter sets result in the most fully formed transcript sequences. Furthermore, the
unique sets of CDSs represented in each assembly allowed the comparison of the exhaustiveness of an assembly.
Existing methods for transcriptome evaluation exists, whereby the reads are aligned to the assemblies
and used to generate numeric ratings. Two such softwares, DETONATE RSEM-EVAL and TransRate, were
identified and used to rate assemblies. These techniques use mathematical models to rate an assembly, often
on several criteria.
Finally, the presence of homeologous gene pairs within the hybrid B. napus genome is a cause of substantial
ambiguity during assembly. Sequences that originate from such genes may be erroneously overlapped or
mis-assembled during assembly due to the common similarity between them. To quantify this problem,
homeologous gene pairs were identified by sequence comparison of B. napus morphotype ‘DH12075’ genes
to the two progenitors, and by using an ortholog table generated for another morphotype, ‘Darmor-bzh’.
Determining the pairs within ‘DH12075’ that correspond to orthologs in B. oleracea and B. rapa then allow
the comparison of assembled transcripts to CDS sequences, determining if the assemblers correctly assign
gene pairs to separate gene loci or not.
3.2 Visualization of de Bruijn Graphs
In order to better examine assembled transcripts, especially ones that resembled genes of interest in B.
napus, a graph visualization tool was created to display Trinity results. In particular, we wanted to be able
to compare the transcript isoforms that originate from a single connected component, which Trinity calls a
“gene”. To make the de Bruijn graphs created by the assemblers meaningful and understandable to humans,
long stretches of unbranching graph were simplified into nodes of sequence longer than k. This was necessary
to compress the sometimes very large k-mer graphs into a more comprehensible visual representation. The
tool also aimed to provide useful interactivity functions, as well as sequence display and capture for assembled
transcripts or custom selections of nodes.
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Chapter 4
Data and Methodology
This section describes the techniques used to carry out the experiments and analysis, as well as the
implementation of the tools built as part of the thesis work. Firstly, the read data used for assembly, as
well as the reference genome data used, are described. Software versions and parameters for the three de
novo transcriptome assemblers are outlined. Evaluation techniques involving the calculation of metrics and
statistical analysis are described, as well as the protocol for analyzing assemblies using existing software tools.
The implementation of the de Bruijn graph visualization tool, GVART, developed as part of this research
project, is described in Chapter 6.
4.1 Data
4.1.1 DH12075 RNA-Seq Data
The sequences used for assembly were 100 bp, paired-end, RNA-seq reads produced by an Illumina HiSeq
machine. RNA was extracted and purified from B. napus morphotype ‘DH12075’ leaf tissue. The reads
were post-processed for quality trimming and adapter removal using the Trimmomatic software (version
0.32) [30]. Trimming steps were done in the following order: ILLUMINACLIP:Trimmomatic-0.32/adapters/
TruSeq2-PE.fa:2:40:15 LEADING:15 TRAILING:15 SLIDINGWINDOW:4:15 MINLEN:55. Of the 10,355,910
total reads pairs, 9,423,704 (91.00%) were both surviving, 567,088 (5.48%) were forward only surviving,
196,420 (1.9%) were backward only surviving, and 168,698 (1.63%) were eliminated entirely.
Histograms of k-mer repetition were created for lengths used to identify any peaks which may represent
repeating genomic sequence of length k. Jellyfish [48] count and histo commands were used to generate
histogram data files which were plotted in R [49] using the ggplot2 [50] package.
4.1.2 DH12075 v3.1 Reference Data
The ‘DH12075’ v3.1 reference genome was created at the Saskatoon Research and Development Centre
(SRDC) using a method similar to the recently published B. oleracea genome [22]. Illumina read data was
checked and filtered using the Illumina-Pipeline to remove low-quality reads and leftover adapter sequences.
The remaining reads were assembled using SOAPdenovo version 1.04 [51]. Additional reads from the 454
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platform of 20 kbp-span paired-reads as well as BAC-end reads of 105 kbp-span were used to extend scaffolds
by aligning with BLAST (identity ≥ 95%, alignment length ≥ 100 bp and ≥ 60% coverage). The reference
genome was used to generate the ref-based Cufflinks assembly as well as being the groundwork for annotation
to produce the coding DNA sequence (CDS) dataset by ab initio gene prediction software MAKER [52].
4.2 Transcriptome Assembly
This section describes the protocols for generating de novo transcriptome assemblies using the three software
tools Trinity v2.0.6 [3], Oases v0.2.8 [4] and SOAPdenovo-Trans v1.03 [5]. All assemblies were submitted to
a parallel compute server using SunGrid Engine. A reference based assembly was also created as a control
using the Cufflinks protocol.
4.2.1 Trinity
Trinity assemblies were generated for odd values of k-mer length beginning at 21 bp up to the maximum
allowable k value of 31 bp. Assembly was done on a compute server using 8 threads supplying 32 GB to the
jellyfish software used for k-mer counting. Trinity version 2.0.6 was used and all parameters were otherwise
default.
4.2.2 Oases
Merged Oases assemblies were generated using the bundled oases˙pipeline.py script with version 0.2.8. Assem-
blies were computed for odd k-mer lengths from 21 bp up to 51 bp and 3 merged assemblies were generated
using assemblies 21 to 31, 31 to 41 and 41 to 51 using the supplied Oases python script. Parameters used
were -shortpaired, -separate, with an insert length of 350 bp.
4.2.3 SOAPdenovo-Trans
SOAPdenovo-Trans assemblies were created for similar k-mer lengths to Trinity and Oases due to the avail-
ability of a broader range of possible k-mer lengths. Assemblies were generated for k-mer lengths of 25, 27,
29, 31, 41, 51, 61 and 71 bps. Parameters specified in the configuration file were as follows: max_rd_len=100,
rd_len_cutoff=100, avg_ins=350, reverse seq=0, asm flags=3, and map len=3. Software version 1.03
was used.
4.2.4 Cufflinks Ref-based Control
A reference-based assembly was created using the Cufflinks pipeline [53]. Both paired and unpaired reads
were aligned to the B. napus ‘DH12075’ reference genome using TopHat (version 2.1.0) and Bowtie2 [54]
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version 2.2.4. Read alignments were sorted and indexed with SAMtools (version 0.1.19) and Cufflinks version
2.2.1 was used to generate a reference based assembly using default parameters.
4.3 Assembly Evaluation
This section outlines the computation of assembly metrics and the intermediate data-files used. All data was
plotted in R [49] using the ggplot2 [50] package.
4.3.1 Contig Length Statistics
Transcript length statistics—mean, median, %GC, N25, N50 and N75—were calculated using a Perl script
written by Joseph Fass from the Bioinformatics Core at UC Davis Genome Center [55]. All metrics were
calculated using the output .FASTA files from the assemblers. In some cases, header lines needed to be
converted to conform to the expectations of these scripts.
4.3.2 Coding DNA Sequence Representation
Assemblies were compared to a dataset of predicted Coding DNA Sequences (CDS) to determine the percent-
age of expressed sequences that were represented. Transcripts were aligned to the CDSs using BLAT [45] to
find high quality alignments using the default BLAT parameters. Filtering alignments for unique CDS names
yielded the number of sequences that were represented. For each assembly, histograms for the percentage of
the CDS covered by an alignment were counted using a custom Perl script for 1% wide bins from 85% up to
100% length.
Venn diagrams were computed by a Perl script, reading lists of unique CDSs represented by several
assemblies. Booleans representing the status of representation of each CDS were stored in a hash in 3-bits.
The hashes were then parsed for the total counts of each quadrant of the Venn diagram.
4.3.3 Assembly Evaluation Software
Two transcriptome assembly evaluation softwares were identified, DETONATE [46] and TransRate [44].
The DETONATE RSEM-EVAL (version 1.8.1) software was used to evaluate the assembled transcripts
of each assembly by aligning the trimmed, paired-end reads. RSEM-EVAL made use of the Bowtie2 sequence
aligner [54] with a fragment length of 350 bp.
TransRate scores were calculated using version 1.0.3 for each assembly supplying the trimmed paired-end
read files (--left and --right reads). The software was run using 3 threads with all other parameters
default.
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4.3.4 Generation of the DH12075 Ortholog Table
To determine the extent to which orthologs were collapsed into chimeric sequences, an ortholog table was
generated for the B. napus morphotype ‘DH12075’ CDS dataset. The ortholog table for morphotype ‘Darmor’
was available, pairing known gene orthologs between the two subgenomes labelled A and C in the ‘Darmor’
genome assembly for the two progenitors, Brassica rapa and Brassica oleracea respectively. First, genes were
reciprocally aligned between ‘Darmor’ and ‘DH12075’ CDS datasets using BLAT and a minIdentity (98%).
This dataset was then intersected with an ortholog table for ‘Darmor’ containing pairs of known orthologs
to get the equivalent ‘DH12075’ gene pairs. This resulted in 27,469 gene pairs analogous to the ‘Darmor’
ortholog table. Reciprocal matches not corresponding to a pair in the ‘Darmor’ ortholog table were also
included if the two genes were not located on the same chromosome, increasing the number of orthologous
gene pairs to 29,492 pairs.
4.3.5 Sequence-based Ortholog Differentiation
While each assembler defines the relatedness of transcripts slightly differently, each assembler has some
characterization of which transcripts belong to a single locus. Trinity transcripts are given a TR designation,
as well as 3 integer designations for read cluster (c), gene (g) and isoform (i). The combination of c and g
designations are to be used to identify a “gene id.” For our study, we considered isoforms to be representative
of sequences from a single locus. Therefore, we required two transcripts that have a unique TR and gene
id (c and g) designation to be considered separate genes. For Oases, transcripts are given a locus number
and transcript number. We required transcript numbers be unique for separated transcripts in our analysis.
SOAPdenovo-Trans assemblies use a unique name for each transcript produced, only specifying loci in extra
fields which were not recorded by BLAT. For this reason, only ortholog pairs that both matched the same
transcript sequence were marked as a collapsed pair, leading to an artificially improved result for this study.
Despite the obvious advantage of being based on the reference-sequence, as the sequence of the homeologs
is available for comparison, Cufflinks was included. The Cufflinks assembly was used as a reasonable ceiling
for achievable differentiation of orthologous gene pairs during assembly.
To calculate the number of gene pairs that fall into either category for an assembly, Perl scripts were
written to parse the table of orthologous pairs and the results of BLAT alignment of the transcripts to the
coding DNA sequences. For each BLAT hit, if the hit is a better scoring alignment than the current best,
it is saved as the representative transcript for that B. napus gene. Alignment score is determined by the
following formula:
SCORE = (M +Mrep)−N −Qins − Tins (4.1)
where M is the number of matches between sequences not in repeats, Mrep is the number of matches within
repeats, N is the number of mismatches between sequences, Qins is the number of insertions to the query
sequence and Tins is the number of insertions to the target sequence. Each of these scores is provided by the
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default BLAT output. Once the BLAT hits have been recorded, the script iterated over gene pairs, comparing
the representative transcripts ID strings to determine if they were assigned to different loci (separated) or
not (collapsed) by the assembler.
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Chapter 5
Results
5.1 Evaluation of transcriptome assemblers
This section details the comparison and evaluation of de Bruijn graph (DBG), de novo transcriptome as-
semblies created by multiple software tools and varying k-mer lengths. Three de novo assemblers using the
DBG approach were identified as the most prominently used in current research: Trinity [3], Oases [4] and
SOAPdenovo-Trans [51]. A reference-based assembly was also generated using the Cufflinks protocol [53]
using a draft Brassica napus (B. napus) genome. As well as using basic assembly statistics such as contig
lengths and counts, transcripts were compared to a known dataset of coding DNA sequences (CDSs). Two
relatively new softwares for transcriptome assembly evaluation were also used to rate assemblies.
5.1.1 Number of Transcripts Assembled and Length Statistics
In genome assembly studies, the number and length of contigs generated is an important indicator for
assembly quality. Since the number of true biological sequences being assembled in genome (chromosome
number) assembly is very low compared to transcriptome (unique RNA molecules), minimizing the number
of contigs and maximizing length is an easy way to determine the quality of an assembly. Additionally,
chromosome sizes are often known for genome studies, whereas the number of expressed transcripts and the
distribution of their lengths is not known for de novo transcriptome studies. This limits the ability for contig
length metrics to determine which assembly is better on their own. Extensions of the Nx statistics such as
NGx and NGAx statistics are potentially able to account for the size of the organisms genome as well as
penalize misassemblies by breaking contigs where they misalign to the genome. These are not used in this
study however, as they rely on the presence of a high-quality reference genome that would be unavailable
to true de novo transcriptome assembly studies. The contigs of a transcriptome assembly can be thought
of as the assembled transcripts, therefore in this study, the terms contig and assembled transcript are used
interchangeably.
Assembled transcript length statistics were calculated for each assembly generated using a script written
by Joseph Fass from the UC Davis Genome Centre[55]. These statistics include the total number of reported
transcripts, mean transcript length, N25, N50 and N75 statistics. Table 5.1 displays these statistics for each
assembly method. Contig lengths metrics are used instead to compare the ability of the multiple assemblers
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Figure 5.1: Assembly statistics for the Trinity assembler. Number of assembled transcripts produced
(a) and N25, N50, and N75 statistics (b) for each varied k-mer length assembly.
to generate an adequate number of transcripts considering the proportion of expressed gene in the sample
tissue-type, at reasonable expected lengths. The latest research in B. napus suggests approximately 100,000
genes [11], roughly two thirds of which would be expected to be expressed in leaf tissue RNA-seq data.
Accounting for alternative splicing would put the estimate for a reasonable number of expected transcripts
between 50,000 and 100,000. The length of these transcripts are expected to be between a few hundred to
the low-thousands base pairs with an even distribution of the three N statistics: N25, N50 and N75.
Trinity:
The developers of the Trinity assembler advise that the default k-mer length of 25 bp is optimal for
assembly [3]. In it’s current implementation, Trinity allows for k values up to 31 due to limitations with
the data structures and memory usage of the software. In total, six assemblies were generated using values
for k-mer length of 21, 23, 25, 27, 29 and 31. All other parameters for the assembler were default for these
six assemblies. Some other parameters were tested which change the final “butterfly” step of Trinity to
mimic other assemblers (--CuffFly for Cufflinks and --PasaFly for PASA) or use known sequences as a
guide (--genome_guided_bam). The --CuffFly option aims to report minimum transcripts imitating the
Cufflinks algorithm, while --PasaFly reports maximally supported isoforms. These three parameters did
not improve assembly in any of the metrics used in this study, and displayed very negative results in the
evaluation software. They are therefore only reported in appendices figures.
Figure 5.1 shows the number of assembled transcripts produced for each assembly, as well as the N25, N50
and N75 contig length statistics. Assemblies using a k value below the default 25 bp show a large drop-off
in both the number and length of produced transcripts, while values between 25 and 31 are comparable
with a slight decreasing trend in number of contigs produced as k-mer lengths increase. The expected
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Table 5.1: Transcript length statistics for de novo assemblies varying the k-mer length parameter
and one reference-based assembly.
Assembly Total Mean Length N25 N50 N75
Method Transcripts (bp) (bp) (bp) (bp)
Trinity
21 bp k-mer 52,629 646.6 1,616 875 424
23 bp k-mer 52,779 660.4 1,666 907 433
25 bp k-mer 87,545 830.5 1,879 1,210 653
27 bp k-mer 86,506 851.3 1,900 1,236 681
29 bp k-mer 85,219 857.5 1,898 1,243 687
31 bp k-mer 84,120 856.9 1,906 1,244 681
Oases (merged)
21–31 bp k-mers 240,559 1,249.0 2,649 1,769 1,144
31–41 bp k-mers 637,797 1,058.5 2,208 1,495 926
41–51 bp k-mers 265,849 1,129.1 2,343 1,576 977
SOAPdenovo-Trans
25 bp k-mer 119,121 403.8 1,545 848 333
27 bp k-mer 129,544 399.4 1,538 852 330
29 bp k-mer 138,937 396.9 1,535 857 327
31 bp k-mer 146,036 395.2 1,551 866 321
41 bp k-mer 195,182 228.5 479 258 155
51 bp k-mer 161,477 338.1 1,318 639 217
61 bp k-mer 169,051 301.9 1,046 492 187
71 bp k-mer 195,182 228.5 479 258 155
Cufflinks
ref-based 65,055 1,269.4 2,290 1,569 1,031
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Figure 5.2: Assembly statistics for the Oases assembler. Number of assembled transcripts produced
(a) and N25, N50, and N75 statistics (b) for the three multiple-k merged assemblies.
number of transcripts observable in the leaf-tissue sample material is greater than 60% of the 100,000 known
genes considering alternative splicing genes creating multiple distinct transcripts from a single gene. Trinity
assemblies using 25 to 31 bp k-mers produce a quantity of transcripts closer to the expected number while
21 bp and 23 bp assemblies produce fewer than expected transcripts. The contig length N statistics display
a similar trend with the two shortest k-mer length assemblies under-performing compared to the other four,
producing shorter transcripts in general. The 25, 27, 29 and 31 bp k-mer length assemblies performed
similarly with regards to weighted median transcript lengths. While these metrics alone do not indicate an
optimal k value, the recommended k-mer length of 25 bps is supported, and in fact, 25 – 31 seems reasonable
for future studies in B. napus.
Oases:
Oases uses a different approach for transcript assembly that is based on the same core DBG algorithm,
whereby multiple assemblies generated with a single k-mer are merged together for the final assembly. As
such, assemblies generated in Oases are labelled with a lower and upper bound of the single-k assemblies
used in the final merged assemblies, which include the only odd integers in between. Oases was used for three
experimental ranges of k generated from sixteen total single k-mer length assemblies using ranges: 21–31,
31–41 and 41–51. Number of transcripts and their N25, N50 and N75 lengths are shown for the unmerged,
single k-mer length assemblies in Appendix A.
Figure 5.2 summarizes the number of transcripts produced and the contig length N statistics for each of
these three assemblies. There is a large disparity in the number of transcripts produced between the middle
range 31–41 bp k-mer merged assembly, which yielded 637,797 contigs, and the two neighbouring ranges
of 21–31 bp and 41–51 bp which produced 240,559 and 265,849 contigs respectively. The same assembly
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Figure 5.3: Assembly statistics for the SOAPdenovo-Trans assembler. Number of assembled tran-
scripts produced (a) and N25, N50, and N75 statistics (b) for each assembly varying k-mer length.
produced a drop in assembled transcript lengths as shown in the N statistics (Fig. 5.2b). This observation
could indicate either a disproportionate number of repetitive expressed genomic elements of length 31–41 bp
in the RNA-Seq data, or a problem with the assembler for the specific k-mer lengths. Further investigation
into the interaction between the Oases assembler and k-mer lengths 31 to 41 are discussed in Section 5.1.3.
SOAPdenovo-Trans:
SOAPdenovo-Trans (SDT) provides a much broader range of k-mer values than the other two assemblers.
The software allows for k-mer values up to 127 bp. The maximum values were not used however, as k-mer
lengths approaching the read length of 100 bps lose the benefits of DBG assembly over the overlap-layout-
consensus approach and k-mers greater than the read length are not possible. Assemblies were generated
for k-mer lengths of 25, 27, 29 and 31 for comparison with Trinity, and values of 31, 41, 51, 61 and 71
for comparison to Oases’ larger compliment of allowable values and to observe any larger trends related to
increased k-mer length. Limitations of time and storage space prohibited generating transcriptomes for all
possible k-mer lengths for SDT.
The number of transcripts assembled and contig N statistics for SOAPdenovo-Trans transcripts are shown
in Figure 5.3. For most of the SDT assemblies, the quantity of transcripts increases as k value does. This is
likely caused by a longer required overlap between reads to join them during assembly. For transcript regions
that are only represented in the sequence data with two reads overlapping, if the overlap is shorter than the
k-mer length, the two reads will not be joined during assembly. This would result in a trend of increased
frequency of fragmented and incomplete transcripts as the k-mer length is increased. Larger quantities of
unjoined transcript sequences is confirmed by the larger quantities of produced contigs and a decrease in the
length of the contigs as k-mer increases, which is confirmed in Figure 5.3.
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Figure 5.4: Number of Transcripts produced by each of the three de novo assemblers used; Trinity
(blue), Oases (yellow) and SOAPdenovo-Trans (green) and one ref-based assembler Cufflinks (black).
A spike in number of transcripts was observed for the 41 bp k-mer assembly, which yielded 195,182
contigs compared to the neighbouring 31 bp and 51 bp assemblies which produced 146,036 and 161,477
contigs respectively. This observation mimics the Oases assemblies where the median merged 31–41 bp
assembly produced a drastically increased number of contigs than the two neighbouring assemblies. Both the
SDT 41 bp assembly and the Oases 31–41 bp assembly also produced shorter contigs when compared to the
two neighbouring assemblies. In particular, the SDT assembly with k=41 bp produced drastically shorter
contigs with an N50 of 258, compared to the two surrounding assemblies’ 866 and 639 bp for k=31 and k=51
bp respectively. This lead us to believe that the spike was caused by an attribute of the genome sequence
rather than a software specific problem. As with the Trinity assembler, k-mer length values for the SDT
assembler between 25 and 31 bps produced assemblies with the longest transcripts. Longer k-mer assemblies
produced shorter and shorter transcripts as k increased.
Due to the use of RNA-seq data derived from a single tissue type sample, the full complement of genes are
not expected to be represented in these transcriptome assemblies, thus the expected number of transcripts
present in the sampled RNA should be around 2/3 or greater than the total number of genes, accounting for
alternative splicing isoforms. The most recent estimate for the number of genes in B. napus is 101,040 [11].
The number of transcripts produced for each assembly across the different assemblers is shown in Figure 5.4.
The Trinity assembler produced around 80,000 transcripts for k-mer values 25, 27, 29 and 31, which was
within the range of acceptable numbers of transcripts present. Both SOAPdenovo-Trans and Oases produced
an excess number of transcripts, indicating a lower level of contig joining, resulting in many more incomplete
transcript fragments. It could also indicate an increase in assembling chimeric transcripts, whereby sequence
variations greater than the k-mer length are not correctly paired.
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Figure 5.5: Assembly N statistics for all assemblies generated by the three de novo assemblers Trinity
(blue), Oases (yellow), and SOAPdenovo-Trans (green) and the reference-based Cufflinks assembly
pipeline (black and gray). Overlapping bars display the N25, N50 and N75 lengths for each assembly,
with light, medium and dark shades respectively.
For all assemblers, N25 N50 and N75 statistics (shown in figure 5.5) were well distributed, suggesting a
reasonable spread of transcript lengths over the assemblies. For Trinity and Oases assemblies, the range of
transcripts was roughly 200 bps for the shortest, and 10,000 bps for the longest. These ranges, are consistent
with the expected distributions for transcript lengths. SOAPdenovo-Trans assemblies included transcripts as
low as 100 bps which likely contributed to their lower N statistics compared to the other assemblers.
5.1.2 Coding DNA Sequence Representation
The availability of a dataset of coding DNA sequences (CDSs) for B. napus morphotype ‘DH12075’ facilitated
the verification of assembled transcripts by comparison to annotated expressed DNA sequences. CDSs are
sequences of DNA derived from putative genes predicted from alignment of expressed sequences, either
protein or RNA to the genome. These sequences are essentially composed of the exons of a gene with the 5’
untranslated region (UTR) and introns removed. Using the sequence alignment software BLAT, assembled
transcripts were aligned to the CDS dataset and the number of unique CDSs represented in each assembly
were recorded. The CDS dataset contained 111,382 sequences, roughly two thirds of which would be expected
to be present in the RNA sample from a single tissue type.
For each assembly, the number of CDSs that were matched by alignments to assembled transcripts using
the BLAT aligner. BLAT reports hits between two sequences if the two sequences have an identity of ≥95%,
where large inserts are allowable. To determine the number of CDSs represented at nearly full length, these
34
alignment hits were filtered to count the number of CDSs that matched an assembled transcript where at least
90% of the CDS bases matched the transcript. Surviving BLAT hits were considered as assembled transcripts
representing putative genes at full length. The number of CDSs matched under these two sets of requirements
is displayed for the three de novo assemblers and the reference-based Cufflinks assembly in Table 5.2. Both
stringencies were included due to the nature of the CDS dataset consisting of predicted sequences built from
exons of an annotation dataset. These sequences may not represent all the expressed RNA present in nature,
and therefore high-scoring BLAT hits of shorter alignment lengths may also be biologically relevant. To
better evaluate the proportion of transcripts that are full length within each assembly, the proportion of full
length transcripts is shown relative to the total CDSs represented by each assembly as well. This data gives
a more stratified view of how assemblies differ in producing full transcripts.
BLAT hits were split into bins based on the percentage of CDS bases matched by a transcript to more
thoroughly investigate the distribution of assembled transcript lengths. These counts were converted to
percentage of the total transcripts for each assembly to better compare across assemblers, as the total number
of transcripts generated varied greatly between the softwares. The proportion of transcripts matching CDSs
was plotted for alignment lengths in sixteen 1% wide bins from 85% up to 99%. This shows the distribution
in the upper range of alignment lengths between assembled transcripts and annotated B. napus genes for
each assembly.
The sets of unique CDSs represented fully were compared triple-wise between several selections of as-
semblies by means of Venn Diagrams (Figures 5.10 – 5.12). These diagrams illustrate the number of CDSs
missed by certain softwares or parameter sets, and also demonstrates the potential for combining the results
of multiple assemblies.
Figure 5.6a shows the representation of CDS sequences at two BLAT stringencies for the de novo Trinity
assemblies. Overall representation of the CDS dataset did not vary greatly between the six assemblies for the
default BLAT stringency as all assemblies fell within 1% of each other. Filtering for ≥90% alignment length
BLAT hits showed that assemblies using short k-mers (21 and 23 bp) showed a lower representation of CDSs,
17.7% and 19.6%, than the other four assemblies, using k = 25, 27, 29 and 31, which produced 23.8%, 24.9%
25.3% and 25.3% of the total CDSs at full length. This is consistent with the contig length metrics which
also demonstrated lower k values produced fewer transcripts and at shorter average lengths. The default 25
bp k-mer length did not assemble the most transcripts representative of known CDSs. Longer k-mer length
assemblies (29 and 31 bps) performed slightly better than the default, yielding an increase of 1.43% and 1.40%
respectively of the total unique CDSs fully mapped by transcripts. The proportion of represented genes for
each assembler that were fully mapped (Figure 5.6b show a more clear trend of improving assemblies as k
increases up to the maximum 31 bps).
Trinity assemblies shown in Figure 5.6c exhibit a trend of higher k-mer lengths producing longer tran-
scripts from 85% alignment length up to 87%. The assemblies diverge into two groups at the 88% alignment
length and higher. For these lengths, the four higher k-mer length assemblies: 25, 27, 29 and 31 bps outper-
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Table 5.2: Proportion of the coding DNA sequences represented in each of the assemblies at varying
stringencies of alignment length. The columns represent the total number and % of CDSs matched by
assembled transcripts, and the number of CDSs and % of all CDSs represented at >90% alignment
length, respectively.
All Alignments >90% Alignment Lengths
Assembly Method CDS Matches % of Total CDSs CDS Matches % of Total CDSs
Trinity
21 bp k-mer 74,718 67.08 19,675 17.66
23 bp k-mer 74,679 67.05 21,849 19.62
25 bp k-mer 75,381 67.68 26,542 23.83
27 bp k-mer 75,179 67.50 27,681 24.85
29 bp k-mer 74,921 67.26 28,139 25.26
31 bp k-mer 74,562 66.94 28,102 25.23
Oases (merged)
21–31 bp k-mers 72,578 65.16 32,853 29.50
31–41 bp k-mers 74,519 66.90 22,052 19.80
41–51 bp k-mers 70,605 63.39 28,609 25.69
SOAPdenovo-Trans
25 bp k-mer 77,422 69.51 9,112 8.18
27 bp k-mer 77,676 69.74 9,481 8.51
29 bp k-mer 78,128 70.14 9,903 8.89
31 bp k-mer 78,369 70.36 10,315 9.26
41 bp k-mer 79,133 71.05 3,849 3.46
51 bp k-mer 78,720 70.68 7,877 7.07
61 bp k-mer 78,790 70.74 7,165 6.43
71 bp k-mer 79,133 71.05 3,849 3.46
Cufflinks
ref-based 71,570 64.26 38,390 34.47
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Figure 5.6: Representation of coding DNA sequences for the Trinity de novo assembler. (a) Quantity
and percentage of the total CDSs representation by assembled transcripts with two BLAT stringencies:
the default parameter set (light blue) and full length BLAT alignments where the contig covered at least
90% of the CDS bases with matches (dark blue). (b) CDSs represented at full length as a proportion of
the CDSs represented in total by each assembly. (c) Proportion of the assembled transcripts aligning
to CDSs at sequence identities in 1% bins.
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formed the lower k-mer assemblies of 21 and 23 bps as was the case with CDS representation by two BLAT
stringencies. Within these two groups, longer k-mers in general outperformed shorter k-mers in terms of
assembling transcripts accurately at full length.
Assemblies generated by Oases had the largest disparity between varying k-mer lengths (Figure 5.7). The
representation of CDS sequences by Oases assemblies varied greatly between the three merged k-mer-length
assemblies, with no linear trend observed. The middle assembly, using k-mers from 31 up to 41 bps had
a noticeable drop in fully represented CDSs, and a minor increase in CDSs represented at shorter lengths.
This observation, coupled with the large increase in transcripts produced at shorter average lengths for this
assembly suggests that this range of k-mers is more prone to fragmented or incomplete contigs. For the 21 to
31 bp k-mer range, the Oases assembler was able to produce the highest number of transcripts represented
at ≥ 90% length of all the de novo assemblers. Finally, the longer k-mer length assembly, merging k-mers
from 41 to 51 bps performed slightly worse than the merged 21–31 bp assembly. The proportion of CDSs
represented at full length (Figure 5.7b also shows the 21–31 bp k-mer range producing a higher ratio of longer
transcripts produced.
Figure 5.7c displays the distribution of alignment lengths for transcripts representing CDSs. The larger
disparity observed between assemblies is likely a result of the assemblies being merged from wider ranges
of k-mer lengths. The 21–31 bps k-mer merged assembly greatly outperformed the other two in this study.
This assembly also produced an unexpected trend with an increasing proportion of CDSs assembled up to
88% sequence length, before transitioning to the expected downward trend. All other assemblies, including
those from other assemblers, exhibited a downward trend throughout the bins as alignment length increases.
The wide range of allowable k-mer lengths during assembly using SOAPdenovo-Trans provided a unique
insight into the interaction between de Bruijn graph k-mer lengths and the sensitivity and specificity of the
assembler to real transcripts. The number and proportion of CDSs that were represented in SDT assemblies
is shown in Figure 5.8a. Varying the k parameter in SDT had a very negligible effect on the proportion of
CDSs matching assembled transcripts using the BLAT aligner at default parameters. There were however,
noticeable drops when considering only alignments that span at ≥ 90% of the CDSs length. All assemblies
over 31 bp performed worse in this metric than those at 31 bp or below. The 41 bp k-mer length assembly
in particular performing poorly.
This trend was also observed in the Oases assemblies, as the merged 31–41 bp assembly, and also the
single k-mer assemblies from 33 up to 39 performed poorly when compared to the surrounding trends of
k-mer length. These assemblies also exhibit a large increase in the number of transcripts produced. The
fact that these observation occurred in both Oases and SDT assemblers for similar values of k-mer length
suggested that there may be significant increase in repetitive sequences in the read data, or genome of same
length as k-mers used. This would cause an increase of chimeric transcripts resulting from these repeats.
This possibility was investigated further by examining k-mer repetition in the read sequences (Appendix C),
although, no abnormal repetition was found matching those k-mer lengths.
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Figure 5.7: Representation of coding DNA sequences for the Oases de novo assembler. (a) Quantity
and percentage of the total CDSs representation by assembled transcripts with two BLAT stringencies:
the default parameter set (light yellow) and full length BLAT alignments where the contig covered
at least 90% of the CDS bases with matches (dark yellow). (b) CDSs represented at full length as
a proportion of the CDSs represented in total by each assembly. (c) Proportion of the assembled
transcripts aligning to CDSs at sequence identities in 1% bins from 85% sequence identity up to 99%.
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Figure 5.8: Representation of coding DNA sequences for the SOAPdenovo-Trans de novo assembler.
(a) Quantity and percentage of the total CDSs representation by assembled transcripts with two BLAT
stringencies: the default parameter set (light green) and full length BLAT alignments where the contig
covered at least 90% of the CDS bases with matches (dark green). (b) CDSs represented at full length
as a proportion of the CDSs represented in total by each assembly. (c) Proportion of the assembled
transcripts aligning to CDSs at sequence identities in 1% bins. (the k=41 assembly is not visible
because it is exactly behind the k=71 assembly line).
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The SOAPdenovo-Trans binned CDS representation plot in Figure 5.8c shows that SDT assemblies ex-
hibit a very even representation of CDSs over the varied alignment lengths for each assembly. Further, the
assemblies were stratified into three clusters: 25-31 bp k-mers, 51 and 61 bp k-mers and the 41 and 71 bp
k-mer assemblies that have performed poorly in all other studies. Within these groupings, generally the
shorter k-mer assembly perform the best with slight variations between bins.
A reference based assembly generated by Cufflinks was produced to set a reasonable goal for optimal
performance. While the assembly still is not considered biologically perfect, it sets a standard for what
a reasonably well-founded assembly might look like. For the metric of CDS representation, it shows that
roughly 75% of the B. napus genes are present in the RNA-Seq reads and just under 40% can be assembled
at 90% length or greater (Table 5.2, Appendix A). Interestingly, the Cufflinks assembly yielded fewer total
unique CDS hits at the default BLAT stringency, suggesting the other assemblies potentially generated tran-
scripts that are similar to unexpressed genes, or chimeric misassembled transcripts that would be eliminated
upon comparison to the reference genome. This supports the hypothesis that transcripts derived from dif-
ferent homeologous genes could be confused during transcriptome assembly where no reference is present for
verification.
Figure 5.9a illustrates CDS representation between the three transcriptome assemblers as well as the
reference-based Cufflinks assembly. For all three de novo assemblers, over 70% of the CDS sequences were
represented with BLAT hits over all k values. This suggests that each of the assemblers were able to represent
sequences similar to all of the present transcripts. This number of CDSs was possibly in excess considering
the expected number of transcripts present in a single tissue type. When combined with the number of
transcripts produced in each assembly however, it is apparent that there was repetition in the assemblies.
This is especially true for the Oases assembler using k-mer values 31–41 bp. In this assembly, 637,797
transcripts were produced corresponding to only 74,519 distinct CDSs. This assembly also produced the
lowest proportion of coding DNA sequences represented at ≥90% alignment length of the Oases assemblies.
The comparison between the best performing assemblies from each software for binned alignment lengths
is shown in Figure 5.9b. This more detailed view illustrates the Oases assembler’s superiority for constructing
full length transcripts that match real coding DNA sequences. The 21–31 bp merged assembly from Oases
even performed better in this regard than the reference-based Cufflinks assembly for alignment lengths above
89% sequence identity.
While SOAPdenovo-Trans was able to recreate the largest proportion of CDS sequences at a basic level,
it performed poorly at assembling transcripts in full. Since it is not expected for nearly 80% of B. napus
genes to be expressed in leaf tissue, such a large number of represented CDSs is more likely a result of
incomplete assembled segments matching unexpressed gene homeologs. The merged Oases assembly using k-
mer lengths 21 up to 31 bp on the other hand, produced fewer unique transcripts corresponding to CDSs but
generated nearly five-fold more full transcripts than SOAPdenovo-Trans. This trade-off is in favor of the Oases
assembler, as the >75% proportion of CDS sequences found in SDT assemblies is higher than the expected
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Figure 5.9: Representation of coding DNA sequences for the three de novo assembler: Trinity, Oases
and SOAPdenovo-Trans and one reference-based Cufflinks assembly. (a) Representation by aligning
the assembled transcripts to the CDS dataset at two BLAT stringencies: the default parameter set
(light colours) and BLAT alignments where the contig covered at least 90% of the CDS bases with
matches (dark colours). (b) Proportion of the assembled transcripts aligning to CDSs at binned
sequence identity for the Trinity K31, Oases 31-31 bp merged, SDT K25 and Cufflinks assemblies.
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proportion of expressed genes in a single tissue type. Additionally, fully formed and long transcripts are of
much greater importance in downstream analysis, for example, in determining gene function by comparison
to similar genes. Overall, the Oases 21–31 bp merged assembly shows the most promise when comparing to
known coding DNA sequences.
Although the merged assemblies from the Oases software may not be directly comparable to Trinity
and SOAPdenovo-Trans, there is evidence to support k-mer length ranges of 25 to 31 bp as optimal for
similar genomes. Assemblies using k-mer lengths within this range outperformed the others consistently in
the number of transcripts matching CDSs at ≥ 90% length for all three de novo transcriptome assemblers.
These results may not translate to other organisms though, as genome structure and complexity no doubt
play a large role in transcriptome assembly. The sharp decline in assemblies using k-mers longer than 31
bps was also not confirmed to be specific to B. napus or an intricacy of the assemblers. In our studies,
the Oases assembler performed the best out of the three de novo assemblers. Trinity also performed well
while, SOAPdenovo-Trans was not able to represent the CDS sequences at full lengths as well as the other
assemblers.
In order to further demonstrate the disparity in representation of known B. napus CDSs, Venn diagrams
were generated to determine the number of sequences represented in multiple assemblies and the number
uniquely represented by others. In Figure 5.10, three assemblies and their intersection are shown in two
Venn diagrams. These plots illustrate a number of things: firstly, the number of CDSs that are recreated
uniquely by certain assemblers or assembly parameters, secondly, the potential CDS sequences to be gained
by combining different combinations of assemblies together.
For the six Trinity assemblies, three assemblies spanning the total allowable range of k-mer lengths in
the Trinity software, and another comparing three assemblies near the default k-mer length which were the
better performing assemblies in terms of representation of the known CDSs. A similar approach was used
for SOAPdenovo-Trans, comparing three assemblies across the wider range of allowable k-mer lengths, and
three assemblies that performed the best. Finally, the three Oases merged k-mer assemblies were compared
along with a selection of the most promising assemblies from each of the three assembly softwares.
The Venn diagram showing the unique CDSs represented for the allowable range of k-mer lengths using
Trinity shown in Figure 5.10a further illustrated the poor performance of short k-mer lengths. Of the total
32,158 unique CDSs represented by the K21, K25 and K31 assemblies, 890 (2.77%), 1,890 (5.88%) and 3,933
(12.23%) were uniquely assembled in the K21, K25 and K31 assemblies respectively. As a single assembly, the
default value of k for Trinity assemblies potentially miss as much as 13.00% CDSs present in the read data.
In this dataset, the 31 bp k-mer length assembly was able to represent the most true sequences uniquely when
compared to other Trinity assemblies. While multiple assemblies could be potentially used to increase the
number of true sequences assembled, the vast majority (16716 or 51.98%) of unique sequences were assembled
by all three Trinity assemblies. It also suggests that using multiple k-mer lengths is a valid way to ensure
maximal representation of the set of true sequences, as all assemblies include some CDSs undetected by other
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(a) Trinity (b) Trinity
Figure 5.10: Venn diagrams outlining the number of CDS sequences represented in Trinity assemblies
and the overlaps of CDS representation between assemblies across different k-mer lengths. Plots
compare CDSs represented in a wide distribution of the k-parameter (a) and for the best performing
assemblies (b).
assemblies.
In addition to the wide range of Trinity k-mer length assemblies, we compared a closer range near to the
default Trinity k-mer length including the 25, 27 and 29 bp assemblies shown in Figure 5.10b. These three
assemblies represented a combined total of 31,797 unique coding DNA sequences. For the three assemblers
present in this comparison, 1229 (3.87%), 969 (3.05%) and 1846 (5.81%) CDSs were unique to each of the
K25, K27 and K29 assemblies respectively. These results suggest that the default k-mer length of 25 bps does
not provide the complete picture of genes present in an RNA-Seq dataset. There are 4,726 CDSs represented
in the K31 assembly (Figure 5.10a) and a total 5,255 CDSs found in the K27 and K29 assemblies (Figure
5.10b not present in the default K25 assembly. Varying the k-mer length is an effective method for increasing
the sensitivity of the Trinity assembler.
The SOAPdenovo-Trans assembler followed a similar trend to Trinity, with K27. k29 and K31 bp k-
mer assemblies performing very comparably (Figure 5.11a). Out of the 13,619 total CDSs represented by
these three assemblies, 1339 (9.83%) were uniquely assembled in the K27 assembly, 1016 (7.46%) in the K29
assembly, and 1705 (12.52%) in the K31 assembly. While the number of unique sequences to each assembly
is similar to the Trinity assemblies, the relatively low total number of unique CDSs represented in SDT
assemblies make these numbers a more significant proportion and increase the justification for combining
assembled transcript sets across multiple k-mer lengths.
For the wider range of SDT assemblies up to 71 bp k-mers shown in Figure 5.11b, there was a sharp
decline in the number of CDSs present in the final assemblies. This was evident in the Venn diagrams as well,
with the three assemblies producing a total of 10,693 unique CDSs represented, 10,315 (96.46%) of which
were represented in the K31 assembly alone. The 51 and 71 bp k-mer assemblies produced very few uniquely
mapped CDSs, 324 (3.03%) and 18 (0.17%) respectively. Together, the two assemblies only produced 378
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(a) SOAPdenovo-Trans (b) SOAPdenovo-Trans
Figure 5.11: Venn diagrams comparing CDSs represented in multiple SOAPdenovo-Trans assemblies
over a range of k values comparable to Trinity’s allowable range (a) and over a wider spread of the
SOAPdenovo-Trans range of k values (b).
(3.54%) sequences not found in the K31 assembly.
The three Oases assemblies generated from merged single k assemblies 21–31 bp, 31–41 bp and 41–51 bp
are compared in Figure 5.12a. A total of 35,084 combined unique CDSs were represented by Oases. The
21–31 bp, 31–41 bp and 41–51 bp merged assemblies each uniquely represented 3875 (11.04%), 268 (0.76%),
1460 (4.16%) CDSs respectively. Similarly to the CDS representation statistics for Oases, the merged 21–31
bp k-mer assembly greatly outperformed the other assemblies by Oases.
In order to compare across assemblers, we selected three assemblies, one from each software that was
representative shown in Figure 5.12b. Assemblies compared were the default K25 assembly from Trinity, 21–31
from Oases and K31 from SOAPdenovo-Trans, because they performed the best in preliminary comparisons.
In total, 35,067 of the coding DNA sequences were present in at least on of the assemblies. Oases yielded
the highest number of unique CDSs represented with 6,878 (19.6%) sequences not found in the other two.
Trinity and SOAPdenovo-Trans uniquely produced 1,658 (4.7%) and 263 (0.75%) CDSs. The low number
of unique CDSs represented by SDT as well as the large number of sequences only present in the other two
assemblies (24,752 or 70.6%) indicates that the SOAPdenovo-Trans assembler does not perform nearly as
well as Trinity and Oases at assembling the putative transcripts at longer lengths.
5.1.3 Transcriptome Assembly Evaluation Software
Two software tools have purported to evaluate transcriptome assemblies and assign a numerical score using
only the RNA-seq reads as input to determine assembly quality and plausibility. The DETONATE software
provides a tool called “RSEM-EVAL” [46] which aligns reads to transcripts, assessing how many of the
assembled transcripts are represented in the read data and provides a score for the probability that the
assembly would be correct based on the reads. The software also provides scores for each transcript, for the
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(a) Oases (b) All Assemblies
Figure 5.12: Venn diagrams of CDS representation in the three Oases assemblies (a) and comparing
assemblies from each of the de novo transcriptome assemblers using the default or best performing
assemblies from each assembler (b).
purposes of trimming low scoring transcripts to create a more concise transcriptome assembly. TransRate
[44] is another software tool which purports the ability to compare assemblies not deriving from the same
read set. The software also provides two scores: a general assembly score, and an optimized score, resulting
from removing low scoring transcripts that TransRate deems extraneous. TransRate score range from 0 to
1, with higher scores denoting better assemblies. These two packages were used to score the 17 de novo
assemblies from Trinity, Oases and SOAPdenovo-Trans as well as the reference-based assembly created by
Cufflinks.
Both the DETONATE RSEM-EVAL and the TransRate softwares were used to produce transcriptome
assembly scores for each of the three de novo assemblers: Trinity, Oases, and SOAPdenovo-Trans as well as
the reference-based Cufflinks assembly. The scores produced are shown in table 5.3.
The DETONATE package [46] contains two methods for evaluating assemblies. The de novo method,
called RSEM-EVAL, takes as input the reads used during assembly as well as the completed assembly in
fasta format. The result is a probability score that the reads are explained by the assembly, as well as scores
for each of the transcripts. The authors suggest that the transcript individual scores can be used to remove
extraneous transcripts that are not as well represented by the reads to improve an assembly.
The assembly scores provided by the RSEM-EVAL software reflected much of the same results as our
previous metrics. For Trinity assemblies, the four assemblies using k-mer lengths of 25, 27, 29 and 31 bps
yielded the best scores out of all the de novo assemblies. These four assemblies were even competitive with
the reference-based assembly generated by Cufflinks. The k21 and k23 assemblies were markedly worse than
the other Trinity assemblies, but still outperformed the other two de Bruijn assemblers.
The merged assembly of the longest k-mer lengths performed the best for the Oases assembly which
was surprising due to the larger quantity and shorter length of transcripts produced, which are generally
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Table 5.3: Assembly scores calculated by reference-free evaluation software DETONATE RSEM-
EVAL and TransRate taking into consideration the read data used for assembly.
Assembly Method RSEM-EVAL TransRate TransRate Optimized
Trinity
21 bp k-mer −1.073× 109 0.446 0.485
23 bp k-mer −1.050× 109 0.474 0.513
25 bp k-mer −8.189× 108 0.065 0.189
27 bp k-mer −8.021× 108 0.067 0.190
29 bp k-mer −7.256× 108 0.070 0.192
31 bp k-mer −7.392× 108 0.076 0.201
Oases (merged)
21–31 bp k-mers −1.727× 109 0.001 0.020
31–41 bp k-mers −2.634× 109 0.001 0.012
41–51 bp k-mers −1.569× 109 0.001 0.012
SOAPdenovo-Trans
25 bp k-mer −2.104× 109 0.011 0.077
27 bp k-mer −2.070× 109 0.003 0.032
29 bp k-mer −2.045× 109 0.010 0.077
31 bp k-mer −2.037× 109 0.000 0.000
41 bp k-mer −2.215× 109 0.001 0.013
51 bp k-mer −2.045× 109 0.037 0.168
61 bp k-mer −2.058× 109 0.000 0.001
71 bp k-mer −2.215× 109 0.038 0.143
Cufflinks
ref-based −5.854× 108 0.127 0.280
threshold for TransRate ≥0.220 ≥0.350
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Figure 5.13: Transcriptome assembly evaluation scores provided by the DETONATE RSEM-EVAL
tool for the de novo assemblers: Trinity (A), Oases (B), SOAPdenovo-Trans (C), and the reference-
based assembler Cufflinks (D). Scores are large negative numbers, where scores closer to zero are
better.
unfavoured for DETONATE scores. The merger k31–41 bp assembly, as in all other tests yielded very poor
results, likely resulting from the excessively large number of transcripts produced at relatively shorter lengths.
The CDS representation of this assembly was also considerable worse than the other two Oases assemblies.
The cause for this extreme drop in assembly quality for specific k-mer lengths was further investigated using
DETONATE to evaluate the single k-mer assemblies produced by Oases.
For the most part, SOAPdenovo-Trans had very little difference between DETONATE scores for the
eight assemblies. SDT exhibits the same trend as Trinity for the relevant k-mer lengths of 25, 27, 29 and 31
bps; where longer k-mer lengths produce a slight increase in assembly quality according to the RSEM-EVAL
algorithm. Although, these assemblies performed much worse than their Trinity counterparts, k-mer lengths
of 51 and 61 base pairs yielded similar scores to the better assemblies of lower k-mer lengths (29 and 31),
while the two 41 bp and 71 bp k-mer assemblies resulted in much lower DETONATE scores, consistent with
the results from our other metrics.
The Trinity assembler was able to produce the best scoring transcriptome assemblies, with all six assem-
blies scoring higher than the other de novo assemblies. The two highest scoring Trinity assemblies (29 and
31 bp k-mers) were comparable to the reference-based Cufflinks assembly. Oases and SOAPdenovo-Trans
assemblies were not rated as highly by the DETONATE software, likely due to the large number of tran-
scripts produced by Oases, and the relatively shorter SDT transcripts. Except for the merged 31–41 bp Oases
assembly, SDT yielded the lowest overall DETONATE scores of all three assemblies.
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Figure 5.14: Transcriptome assembly evaluation scores provided by TransRate for de novo assem-
blers: Trinity (A), Oases (B), SOAPdenovo-Trans (C), and the reference-based assembler Cufflinks
(D). Scores are decimals between 0 and 1, with 1 being a the best possible assembly score.
Another recent software developed for evaluating transcriptome assemblies without a reference-genome to
compare to is the TransRate package [44]. From the TransRate developer’s study of 155 published transcrip-
tomes, the median score was 0.22 or optimized score of 0.35, which gives a rough idea of what constitutes an
acceptable assembly according the the TransRate algorithm.
The TransRate assembly scores and optimized assembly scores are displayed in Figure 5.14 for the three de
novo assemblers and the reference-based Cufflinks assembly. Overall, the results from the TransRate software
was quite surprising. In contrast with all the other metrics used so far, TransRate puts the two shortest
k-mer length Trinity assemblies well above all the other assemblies, including the Cufflinks assembly using
a reference genome. Additionally, Transrate scored the SOAPdenovo-Trans k41 and k71 assemblies higher
than the rest, contrary to the metrics used thus far. Oases assemblies also scored much worse than all other
assemblies, where they have been comparable or better in other studies. Other trends such as improving
scores from Trinity and SDT assemblies from k25 up to k31 did correspond with our other tests.
While the evaluation software tools do allow for comparisons between assemblies, there is reason to be
skeptical of the scores presented for these assemblies. Both of the described methods use sequence alignment
to assign reads to assembled transcripts and score an assembly based on the proportion of transcripts that
appear to be represented in the read set. This can be misleading when the transcriptome contains several
similar gene homeologs, where one copy may “soak-up” the reads corresponding to several related genes. This
would result in only one of several genes being reported as present in the read data, erroneously penalizing
the more correct assembly. Thus, in an allopolyploid organism, these scores may fail to account for the
49
21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
−2,500
−2,000
−1,500
−1,000
−500
0
k−mer length (bps)
R
SE
M
−E
VA
L 
sc
or
e 
(m
illio
ns
)
DETONATE RSEM−EVAL scores for
Oases single k−mer length assemblies
Figure 5.15: Transcriptome assembly evaluation scores provided by the DETONATE RSEM-EVAL
tool for the sixteen single k-mer-length Oases assemblies used to generate the final merged assemblies.
Scores are large negative numbers, where scores closer to zero are better.
possibility of several similar transcripts each being biologically relevant. For example, consider two genomes,
one with a single gene for each group of homologs and another containing all the various homologs and
recreating the repetition that is present in nature. Obviously the latter is the more biologically representative
assembly, but when assigning reads to transcripts, the evaluation software would favor fewer assembly bases
representing the reads. The DETONATE software includes an assembly prior component which specifically
favors parsimonious assemblies, or those that explain the read data in a minimal set of transcripts. This may
be more biologically appropriate for animals, where extraneous DNA is generally more unfavourable to the
phenotype than in plants.
Investigation of k-mer Range 31–41 bp
A noticeable drop in assembly quality was observed for the Oases 31–41 bp merged assembly, as well as the
SDT 41 bp k-mer lengths assembly. The observed quality drop occurring in two of the software sparked the
hypothesis that an interaction between these specific k-mer lengths and a characteristic of the read-data could
be the cause for poor assembly quality, rather than a quirk of the assembly software. This was investigated
further with DETONATE RSEM-EVAL scores for each of the un-merged Oases assemblies from 21 up to 51
bps, as well as an analysis of k-mer repetition for a similar range of k values.
Figure 5.15 displays the DETONATE RSEM-EVAL scores for the single un-merged Oases assemblies.
There is a clear drop in assembly quality for specific k-mer lengths of 33-39 bps, as well as 49 and 51 bps.
50
The rest of the k-mer lengths appear to follow a trend of increasing assembly quality as k increases. One
hypothesis for the cause of these specific quality drops was that repetitive sequences near these lengths may
be more common in either the genome or the read data. To test this, k-mer repetition was plotted for odd k
values of 25 up to 51 and shown in Appendix C. These histograms show the number of unique k-mers that
occur n times where 1 ≤ n ≤ 10, 000. These graphs should indicate an abnormal increase in repeats for the
corresponding k-mer lengths if there is an abundance of repetitive sequences in the read data of length k,
although no abnormal repetition was found for any of the lengths of k.
Another hypothesis for the drop in quality for assemblies using 41 bp k-mers was the drop in Illumina per-
base quality scores roughly 40-50 bps into each 100 bp read. Using the FastQC tool [56], the Illumina trimmed
reads used for assembly were examined for per-base quality, shown in Appendix B. There is an observable
drop in base quality around base pair 50 out of 100, reaching a minimum phred score of 30 corresponding to
an error rate of 1 in 1,000 (99.9% accuracy). This may result in some erroneous read joining between reads
origination from similar sequences (homeologs) but is unlikely to be the sole cause for a systematic problem
of assembling k-mers of 33 to 41 bps.
5.1.4 Sequence-based Ortholog Differentiation
The large quantity of homeologous gene-pairs in Brassica napus originating from ortholog pairs between
the two progenitor genomes present a problem for sequence assembly, especially in de novo studies where
a reference genome is not available for comparison. This section describes the methods used to determine
the extent to which these homeologous gene pairs are misassembled as chimeric transcripts containing reads
derived from two separate loci.
First, an orthology table of DH12075 CDS gene pairs was generated using the method of reciprocal best
hit searching. This method is commonly used for determining the most likely orthologous pairs between two
datasets [20, 57]. This was done based on reciprocal alignment of ‘DH12075’ CDSs to a set of B. napus
morphotype ‘Darmor’ genes, where an orthology table was available. This allowed us to convert ‘Darmor’
orthologous gene pairs into the equivalent ‘DH12075’ gene pairs. As well as those genes verified by the
‘Darmor’ orthology table, gene pairs that produced both reciprocal BLAT hits that were not located on the
same subgenome were included, to account for the possibility of genes unique to the ‘DH12075’ morphotype.
In total, 27,469 gene-pairs verified by the ‘Darmor’ orthology table and 2,023 additional genes were identified
for a total of 29,492 pairs of homeologous genes.
To determine whether or not the pairs were represented in the assemblies as separate genes or collapsed
into genes from a single locus, we used the highest scoring BLAT hits to each gene and compared the
gene identifier assigned by the assembler between two genes of a homeologous pair. For Trinity transcripts,
identifiers with the same TR, read cluster and gene id were considered collapsed into a single loci. Oases
provides a locus number used to differentiate gene loci. SOAPdenovo-Trans provides a unique ID for each
transcript, resulting in only genes matching the same transcript sequence being reported as collapsed. The
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Table 5.4: Ortholog gene pairs in DH12075 determined to be collapsed into single assembled tran-
scripts, correctly identified as separate genes, or not assembled.
Assembly Method Collapsed Pairs Separate Pairs Not Assembled
Trinity
21 bp k-mer 10,952 6,157 12,383
23 bp k-mer 11,091 6,016 12,385
25 bp k-mer 11,714 5,884 11,894
27 bp k-mer 11,596 5,985 11,911
29 bp k-mer 11,627 5,925 11,940
31 bp k-mer 11,454 5,949 12,089
Oases (merged)
21–31 bp k-mers 12,365 4,300 12,827
31–41 bp k-mers 12,024 5,226 12,242
41–51 bp k-mers 11,673 4,494 13,325
SOAPdenovo-Trans
25 bp k-mer 10,468 7,239 11,785
27 bp k-mer 10,484 7,304 11,704
29 bp k-mer 10,344 7,767 11,381
31 bp k-mer 10,340 7,861 11,291
41 bp k-mer 10,205 8,204 11,083
51 bp k-mer 10,187 8,065 11,240
61 bp k-mer 10,253 8,039 11,200
71 bp k-mer 10,205 8,204 11,083
Cufflinks
ref-based 6,726 9,155 13,611
number of gene pairs corresponding to transcripts within a single locus, separate loci and where at least one
of the two genes was not represented (not assembled) are shown in Table 5.4.
Results of this categorization can be found in Figure 5.16. For the Trinity assembler, very little variation
in ortholog differentiation is observable between k-mer lengths. Interestingly, the default and recommended
k-mer length of 25 bp performed slightly worse than all other Trinity assemblies. The merged 31–41 bp
Oases assembly correctly separated more orthologous pairs than the other two assemblies from the same
software. This is the only metric where this assembly outperformed the other Oases assemblies. This may
be due to the sheer volume of transcripts produced for that assembly, increasing the number of separated
pairs just by reducing the probability of orthologs matching the same transcript. While SOAPdenovo-Trans
appears to produce the largest number of correctly separated orthologous gene pairs, this is likely due to
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Figure 5.16: Differentiation of orthologous gene pairs for three de novo assemblers Trinity (A),
Oases (B), SOAPdenovo-Trans (C) and one reference-based assembler Cufflinks (D). Bars represent the
number of ‘collapsed’ gene pairs whose highest BLAT hit were to the same transcript (left/lighter bars)
or to transcripts designated as different genes by the assembler, classified as ‘separated’ (right/darker
bars).
the naming convention of the SDT transcripts, which do not include a locus designation in the transcript
name. Due to this, reported SDT collapsed pairs are only reported when both CDS of an orthologous pair
matched the same transcript twice. This would artificially inflate the number of separated pairs for SDT
assemblies. The longer k-mer length assemblies for SDT did also outperform the lower, an observation also
unique to this metric. The reference-based Cufflinks assembly was the only one to produce a majority of
correctly separated homeologous gene-pairs, illustrating the advantage that a reference genome provides for
differentiation between duplicated genes in transcriptome studies.
The overall trend observed for the differentiation of similar homeologous genes in B. napus is that longer
k-mer lengths increase the number of gene pairs that are correctly separated. This supports the hypothesis
that longer k-mer lengths increase the specificity to sequence variance, allowing the assembler to see a larger
portion of the sequence data at a time. Since the de Bruijn graph only guarantees that sequence variants
that exists within k bps of each other are assembled together, longer k-mers increase the allowable distance
between variation where the correct pairing of two variants are captured within a single k-mer, eliminating
the ambiguity. This comes at the cost of losing some read overlaps, since the required overlap between two
single reads must be at least k bps, increasing the number of read overlaps that are missed as k increases.
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Chapter 6
Graph Visualization of Assembled RNA Transcripts
(GVART)
The complexity of the de Bruijn graph algorithm and the large-scale data output often complicate in-
terpretation of the results of de novo transcriptome assembly experiments. Assembly statistics such as N50
or evaluation software scores, are also of little use when taking a fine-grained look at the underlying data.
Reported transcripts can be ambiguous in how they are related and performing multiple sequence align-
ments can be time consuming. The Graph Visualization of Assembled RNA Transcripts (GVART) tool was
developed as a web-based application for examining the graph structures and resulting transcripts that is
compatible with the current most popular transcriptome assembler: Trinity.
This section outlines the Graph Visualization of Assembled RNA Transcripts (GVART) tool developed
over the course of this research project. GVART was implemented as a web tool for providing a means
for researchers to view the de Bruijn graphs built by Trinity during an assembly experiment. It is portable
enough for a scientist to use as a tool to explore their own assemblies, and robust enough to be hosted publicly
to allow other researchers to explore a published or work-in-progress assembly. The tool uses Perl to parse
assembly output, GVART to layout the graph and javascript libraries: D3, SlickGrid and Biojs-vis-sequence
to present the data in an interactive and explorative manner.
6.1 Introduction
De Bruijn Graphs are a type of directed graph that define the overlaps between sequences of letters or
symbols. A more in-depth description of DBG properties and their implications is provided in section 2.5.3.
For DBGs created in transcriptome assembly, typically a k-mer length of ≥21 bp is used and can be increased
to various lengths depending on the software limitations. This results in a total of 421 unique k-mers, or nearly
4.40× 1012 (4.4 trillion). Additionally, nucleotide sequences of 21 base pairs or longer are not easily readable
or comprehensible to humans. For these reasons, de Bruijn graphs are inscrutable without simplification.
Thankfully, large linear paths are common for DBGs based in biological sequence strings. These linear paths
can be compressed into superstrings of the associated combined k-mers.
In polyploid organisms, multiple copies of genes called homeologs are present. Because of their similarity
in sequence, homeologous genes can often be assembled together in chimeric sequences whereby the resulting
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transcript contains sequence from two gene from different loci; or be confused as alternative splicing isoforms
during assembly. Homeologs occur in different frequencies depending on the organism, and are most prevalent
in plants where polyploidy is common, resulting in large genomes relative to animals. For example, the wheat
and canola genomes have very large repetitive genomes resulting from whole-genome duplication events and
their high ploidy (tetraploid or hexaploid for domestic wheat and diploid for canola). The existence of many
sequences that repeat throughout these genomes complicates many aspects of genome-wide studies, such as
assembly and annotation of sequences.
Repetitive sequences in the genome present a larger problem for DBG algorithms than OLC. When
breaking up read sequences into k-mers, only variations that are at most k bases apart are represented in the
graph. For example, if two singe nucleotide polymorphisms are spaced k+ 1 bases apart, there is no way for
a DBG algorithm to identify which variation of these two SNPs came from the same sequence. This opens
up the possibility for chimeric transcripts to be reported, inflating the number of transcripts assembled. One
way to combat this problem is by increasing the length of k for the algorithm. This would increase the
threshold for spacing between variations and lower the number of chimers produced. This also increases the
search space of the algorithm, as it depends on the number of unique k-mers. For example, increasing the
k-mer length from 25 to 31 bps, for biological sequence data would increase the number of unique k-mers
from 425=3.36x107 to 431=4.61x1018, an 8 magnitude difference. For modern assemblers, this translates to
higher memory requirement rather than a time complexity one, but may still hinder some experiments.
Identifying problems with DBG assemblies can be difficult due to the inherent complexities of the algo-
rithm. De Bruijn graphs are very large, and incomprehensible to humans. Because the graphs are made up
of very long sequences of only a few words, humans are not well trained to read or compare these sequences.
There are tools that allow the visualization of graphs created by DBG assembly methods, however these
existing tools have limitations that hinder their usefulness. Bandage [58] is a tool that generates interactive
images of the graphs produced by several DBG assemblers, including Velvet [59], SPAdes [60] and Trinity
[3]. While this software is functionally similar to GVART, it is significantly more heavy-weight, and suffers
from performance issues from loading entire assemblies at a time. Additionally, it does not allow for hosting
externally for collaboration between researchers. Another tool for visualizing DBGs is ABySS-Explorer [61],
which produces very striking, stylized visualizations that illustrate aspects of the assembly such as lengths of
linear paths, overlaps between nodes and branches. The tool is designed for visualizing genome assemblies,
simplifying a great deal of sequence information into a single image. Transcriptome assemblies are inherently
more fragmented and do not translate well to this style of visualization. The developers of ABySS-Explorer
have identified these shortcomings and have expressed their desire to adapt their tool for this use-case.
GVART displays a scalable vector graphic (SVG) image representing a simplified connected component
of the de Bruijn graph used to assemble RNA-seq data into transcript sequences. It allows for the user to
drag nodes and zoom the graph, as well as select and highlight multiple nodes to create custom assemblies.
Assembled transcripts are displayed in a table below the graph image and are selectable to highlight the
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Figure 6.1: Hash data structure used in parse_trinity_assemply.pl to store the assembly data for
conversion to GVART usable format. Each level represents a sub-hash within the above hash. Text
within triangular braces correspond to a variable representing a certain part of the assembly. Text
within quotes are accessed using the quoted string as the key and return a data point corresponding
to the string.
corresponding nodes and path through the graph. Selecting a sequence either by transcript or a collection
of nodes displays the corresponding sequence in a third pane, allowing highlighting of features such as start
and stop codons and continuous open reading frames (ORF) in each of the 6 possible reading frames. The
number of amino acids or codons of the longest ORF is displayed for each reading frame for quick comparison
of sequences.
6.2 Implementation
Due to its robust plain text manipulation functionality, Perl is used to read in a Trinity assembly and format
it for the web-app. The custom script “parse_trinity_assembly.pl”, reads in the Trinity.fasta output file,
building a data structure of each unique TR. These TRs are each connected components of the larger de
Bruijn graph generated by the whole assembly, and are of ideal size to be visualized in a single instance.
A multi-level Perl hash is used to store the entire assembly, with the hierarchy shown in Figure 6.1. From
the header of each transcript, node IDs, lengths, sequences and outgoing edges are read and stored for each
transcript. Each assembled transcripts is stored at the isoform level, as an array of node ids, with the length
and sequence of the transcript stored as well. The hash format is useful as it allows for redundant information
to be eliminated, as well as iteration over the entire structure for printing to data files.
Layout of the nodes into a reasonable area with minimal edge overlaps is done with dot software from
GraphViz [62]. Once the nodes of a connected component and their connections are stored, the Perl script
formats the data into a format accepted by the GraphViz dot software. The IPC::Open2 Perl module is
used to send output to the external GraphViz software and receive output. This is done to reduce the
overall number of intermediate data files. Output from the dot program is received in plain-text format with
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coordinates provided for the nodes. These are used in conjunction with the javascript scale function to size
the graph according to the dimensions of the browser window.
Once the node positions are determined and the graph data is stored, the perl script formats and prints
a javascript file containing the variables that the main web-app will read and display. Each node is stored in
an array, with fields corresponding to the name, id, coordinates, length and sequence. Edges are stored as
pairs of references to the nodes array. Finally, transcripts are stored with name, length and a list of nodes
IDs corresponding to the path through the graph. One datafile for each TR is output, as well as one file
listing the directory of TR javascript data files for the web-app to provide selection to the user. This way,
the web-app only has to process one portion of the assembly at a time, as it is requested by the user.
The main feature of the data driven documents (D3) library [63] is to provide interactivity to the graph
and underlying data. When the page is first loaded, the javascript graph data passed to the web-page is
loaded and used to generate an SVG image of the nodes, and edges of the graph with node IDs as labels and
arrows to show the directionality of the paths (Fig. 6.2). SVG elements are created and formatted using
the d3 “append” and “attr” functions respectively. Interactivity with the graph is accomplished via listeners
for certain events, which update the corresponding constant variables, and then calling the updateGraph
function. The graph is then redrawn to display the new graph state. Functionality of the graph includes
zooming and dragging the graph to reposition it, moving nodes via dragging, and selecting one or more nodes.
Transcripts are listed in a table format using the SlickGrid [64] javascript library, displaying each unique
ID from the assembly fasta file, their length, a confidence value for Oases assemblies and the list of nodes in
the path. This table is sortable by name, length or confidence value (if it is present). Selecting a transcript
by clicking will highlight the corresponding nodes in the graph pane, and animate the edges from the first
node to the last using dashed-line arrows.
GVART also provides the sequence of transcripts or nodes of interest. Selecting one or more nodes, or a
transcript will result in the corresponding sequence to be shown in the bottom most pane of the tool (Fig.
6.4). This pane is toggle-able due to some performance loss for longer sequences slowing the selection of
graph elements. The sequences associated with the selected nodes or transcript is displayed in the third pane
from the top using the javascript library biojs-vis-sequence [65]. Here, the sequence can be shown in a variety
of formats with different options for highlighting features. The sequence can be displayed in codata, fasta,
pride or raw format and also supports selecting and copying highlighted sequence.
6.3 Future Development
Currently, the GVART tool only supports assemblies generated from the Trinity assembler where the path
is output as part of the header of transcript sequences. If interest in the tool is sufficient, we would look
to expand this to allow parsing of intermediate Trinity files for versions where the path is not output.
Additionally, the Oases assembler output is sufficient to allow for a version of GVART that supports Oases
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(a) No selection
(b) Transcript selected
Figure 6.2: An SVG graph formatted by the GVART web-app from a Trinity assembly corresponding
to a single connected component of the de Bruijn graph called a TR. Nodes are represented by rect-
angular boxes and correspond to a linear path of any number of k-mers. The length of the sequence
associated with each node corresponds to the node’s width. Edges between nodes are drawn with
arrows and show the potential paths through the graph that correspond to overlaps between sequences
in the read data. (a) default graph visible on page load, (b) selected path with root node highlighted
in red, subsequent nodes in blue and the path edges in dotted lines.
Figure 6.3: The GVART table of reported transcripts for the current TR provided by SlickGrid. The
table is sortable alphabetically by name or numerically by length. Nodes are displayed in sequence
order, corresponding to nodes shown in the graph pane. Confidence values are an Oases specific value
only reported for relevant assemblies.
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Figure 6.4: The GVART sequence pane displaying the nucleotides of the selected transcript (or series
of nodes) is formatted and displayed using biojs-vis-sequence. Annotation is possible in each of the 6
reading frames, selected by the drop-down menu. Open reading frames, as well as the entire sequence
view are toggle-able via check-boxes.
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assemblies as well. Initial tests of displaying Oases graphs have illuminated problems with conflicting node
IDs as well as a difficulty in displaying the multi-directionality of some edge sequences. There has been
interest in aligning known sequences to the nodes and paths of the de Bruijn graphs. Currently, there is no
clear solution on how to display a sequence alignment over top of the simplified de Bruijn graphs of GVART.
6.4 Availability
GVART is available for download via GitHub at: https://www.github.com/coadunate/GVART
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Chapter 7
Discussion and Future Work
7.1 Current Transcriptome Assembly Software
Using a variety of metrics, de novo assemblies generated from three different softwares, Trinity, Oases and
SOAPdenovo-Trans, were evaluated and compared. In addition to using several different current assembly
softwares, the k-mer length parameter was also varied, dictating the length of subsequences the RNA-seq read
data is divided into to create the de Bruijn graphs. This chapter outlines the observed trends within, and
across the three softwares, as well as providing some advice to researchers who intend to conduct transcriptome
studies within a polyploid organism.
The metrics used in this study were chosen due to their availability to researchers who aim to evaluate
their transcriptome assemblies without the presence of a reference genome. While NGx and NGAx statistics
were a potential option due to the presence of the ‘DH12075’ reference genome, they were not included to
better model the situation when a reference genome is not available. Additionally, the comparison techniques
to known sequences used could be done using data from closely-related species via database searching.
7.1.1 Effect of k-mer Length on Assembly Statistics
In general, a favour towards k-mer lengths of 25-31 bps was observed for all three de novo assemblers. For
Trinity, this constitutes the upper limit to the k-parameter and resulted in better assemblies for all metrics
except for TransRate score. The four assemblies in this range were competitive for contig statistics, CDS
representation and DETONATE scores, with a slight favor towards the two longest k-mer lengths of 29 and 31
bps. Short k-mer Trinity assemblies K21 and K23 performed worse in all metrics but the TransRate evaluation
scores. The Oases assembly encompassing merged single length assemblies for this range also performed the
best, yielding a reasonable number of transcripts with generally longer lengths. This assembly represented
the most CDS sequences at longer lengths, and included a large number of transcripts representative of CDSs
that the other Oases assemblies did not produce.
There was an observed drop in assembly quality specifically for assemblies using k-mer lengths in the
33 ≤ k ≤ 41 range. Both the merged Oases assembly in this range (31-41 bp k-mers) and the K41 SDT
assembly were the worst performing assemblies for their software. These assemblies consistently produced
excessive quantities of transcripts with relatively shorter lengths. These two assemblies also did not represent
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known coding DNA sequences well. Examining the DETONATE scores for single k-mer assemblies of the
merged Oases assembly for this range revealed that assemblies 33, 35, 37 and 39 showed uncharacteristically
poor assembly quality, where a clear trend existed around them as shown in Figure 5.15. Due to the Oases
assembly showing expected results while SDT performed poorly, the cause of the issue was not believed to
be related to the specific k-mer length of 41 base pairs, but rather specific to the software. This illustrates
the benefit of examining the single k-mer assemblies of Oases prior to merging assemblies in order to achieve
the best possible assembly.
The two major implications that k-mer lengths have on de Bruijn graph assembly are: (1) the required
overlap between two reads is ≥k bases in order to join them during de Bruijn graph assembly, and (2) only
sequence variants that are ≤k bases apart are guaranteed to be captured in the k-mer sequences. These two
factors create a trade-off between sensitivity to read-overlaps and specificity to sequence variation. Increasing
the k-mer length for de Bruijn graph assemblers should, in theory, produce less sensitive but more specific
assemblies. This should decrease the number of chimeric transcripts observed when joining sequences derived
from two separate gene loci. We therefore expected to observe more accurate assemblies as we increased the
k-mer length, while also observing a decrease in contig lengths and an increase in transcripts produced. This
represents a trade-off between sensitivity and specificity. Increasing the k-mer length produces assemblies that
are more specific, i.e. fewer false transcripts are reported by the assembler resulting in increased specificity.
Increasing k also results in less sensitive assemblies, as fewer read overlaps are present in the DBGs, leading
to more missed true transcripts (false negatives). Lower values of k result in more sensitive and less specific
assemblies. The difficulty in transcriptome assembly evaluation lies in testing the validity of assembled
transcripts, as the true sequences cannot be known with 100% certainty. Using sequence comparison to
putative transcripts to determine ground truth creates the problem of determining the thresholds for how
similar sequences must be, especially when dealing with homeologous genes that can be up to 98% identical
while still originating from distinct loci [66]. At this level of sequence similarity, even the error rate of the
sequencing technology can impact the decision of the truth of an assembled transcript.
For the most part, this hypothesis was affirmed for Oases and SOAPdenovo-Trans, where a wider range
of k-mer lengths was allowed. For these assemblies, lower k-mer lengths produced assemblies with fewer
contigs, but at longer lengths which was shown in the contig statistics. The trend was most obvious in the
SOAPdenovo-Trans assemblies as they did not use merged assemblies, resulting in more assemblies over a
wide range of k-mers. Shorter k-mer lengths also resulted in transcripts that represented CDSs at full lengths.
We believe this is due to the BLAT stringency of 95% not being high enough to eliminate chimeric transcripts.
In this case, assembled transcripts, whether they contain variants originating from both homeologs of a pair,
would be reported by BLAT as a hit. Analysis of ortholog differentiation however, showed that longer k-mer
lengths resulted in transcripts that more accurately represented the variation originating from a single gene
locus, instead of a mixture of variations from both gene from a homeologous pair. For Oases and SDT
assemblies, where a larger range of k-mers were allowable, increasing k-mer length resulted in more gene
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pairs being correctly differentiated as homeologs. We believe that the differentiation analysis of ortholog
pairs is a more accurate metric than CDS alignment lengths for assessing the specificity to sequence variance
(discussed further in section 7.2).
7.1.2 Comparison of Assemblers
Considering the range of results we observed over a range of assemblies from each software, the Trinity
assembler was the better performing transcriptome assembly software based on overall performance for each
of the metrics used. While Oases was able to produce longer transcripts according to the N statistics,
and more transcripts aligned at ≥ 90% alignment length, Trinity was able to more accurately represent the
repetitive sequences within B. napus. Additionally, the evaluation softwares both placed Trinity higher than
the other two assemblers. SOAPdenovo-Trans, for the majority of studies undertaken here, performed very
poorly. For it’s entire range of k-mer lengths, SDT produced shorter transcripts, failed to create transcripts
representative of real CDSs and was rated poorly by both evaluation softwares.
The results observed here differ to a recent evaluation of the same assemblers using the killifish Fundulus
heteroclitus where the Oases assembler performed better than Trinity[67]. The Oases merging approach in
combination with the difference in ploidy between the two organisms (2n for Fundulus heteroclitus versus 4n
for Brassica napus) were the most likely causes of this discrepancies. In a relatively more simple transcrip-
tome, the merging approach in Oases may be helpful in recreating the largest number of unique transcripts.
In highly duplicated transcriptomes, merging multiple assemblies results in an assembly containing many
more misassembled transcripts that are representative of chimers between homeologous gene variances. For
this reason, the often recommended solution for improving transcriptome assemblies of merging multiple
assemblies may not be useful for transcriptomes including duplicated genes.
7.2 Ortholog Differentiation in Brassica napus
For all three de novo assemblies, the majority of assembled transcripts representative of genes within home-
ologous pairs were collapsed into genes within the same locus. The six Trinity assemblies produced similar
proportions of gene pairs correctly separated vs collapsed. The disparity between collapsed and separated
gene pairs was largest in Oases, where the 21-31 bp k-mer length performed the worst at differentiation of
gene pairs. SOAPdenovo-Trans appeared to separate the most gene pairs, but this was likely due to every
transcript being reported as a unique locus. The Cufflinks reference-based assembly was the only assembler
able to separate the majority of gene pairs present in the read-data. The fact that there were still genes
collapsed when the reference was available for verification illustrates the difficulty of assembly algorithms
to assemble transcripts when multiple similar sequences exist derived from different genomic locations. For
all de novo assemblies, the majority of transcripts corresponding to homeologs were not identified as sepa-
rate genes, suggesting that for transcriptome assembly in genomes with many related gene pairs, transcripts
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reported as isoforms should not be assumed to represent genes from the same locus.
7.3 Recommendations for Transcriptome Assembly of Polyploid
Organisms
After comparison of the three most prominent transcriptome assemblers, using a wide breadth of evaluation
metrics for a duplicated polyploid organism, the Trinity assembler produced the most accurate transcripts,
while still representing a high number of real gene sequences. Trinity provides a great balance of specificity
to similar genes resulting from homeology of the two subgenomes, and sensitivity to the large quantity of
gene sequences present in the organism. The approach used by Trinity, whereby the full reads are used
in downstream simplification of the de Bruijn graphs seems to be a better approach for solving the read-
coherance problem of DBG assemblers than the Oases multiple k-mer length approach. While Oases managed
to recreate more CDS sequences with transcripts aligning using BLAT, they were revealed to be more likely
a result of chimeric assembly of reads originating from distinct genomic loci, corresponding to homeologous
gene pairs. Oases assemblies also contained an excessive number of contigs, which complicate downstream
analysis just by the sheer volume of sequences. The multiple k-mer assembly merging of Oases resulted in
assemblies including a great deal of misassembled and chimeric transcripts due to the approach of including
unique transcripts produced across the range of merged assemblies. Many of the transcripts that differ
between varied k assemblies, and would thus be included in the merged assembly, are likely the result of
chimerism. Therefore, any benefit gained by increasing k is lost by merging shorter k assemblies. SDT
produced generally short, fragmented transcripts that did not represent a comparable set of CDS sequences
compared to the other two. Evaluation software also placed Trinity well above the other two softwares.
The k-parameter to DBG assemblers also proved to be a useful method for assembly tuning. The hypoth-
esized trade-off between specificity and sensitivity was supported in the varied k-mer assemblies. In general,
increasing the k-mer length provided more accurate transcripts by increasing the read-coherence. Shorter
k-mer length assemblies resulted in more complete transcripts though, as the stringency for read overlaps was
lessened. For the Trinity assembler, values of k above the default 25 bps were some of the best performing
assemblies. For this reason, it is recommended to use a variety of k-mer lengths for assembly from the default
up to the maximum value of 31 bps if possible. Even basic metrics of contig quantity and length can provide
a quick indication of whether or not the extra assemblies are meaningful to pursue further.
7.4 Graph Visualization Tool - GVART
Assembled transcripts that represented well-studied genes in B. napus were isolated and graphed using the
Graph Visualization tool. Looking at several such graphs for Trinity assemblies done using different values
of k-mer length allowed the understanding of how the branching patterns of the gene differed under different
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assembly conditions. In combination with sequence searching tools such as BLAST, the tool will allow a
researcher to determine TRs relating to important phenotypes. In particular, GVART will highlight shared
nodes between transcripts of a TR, potentially bringing forward the protein-coding portion of gene that is
active in important biological mechanisms. Analysis tools that highlight the most important and relevant
subsets of large datasets are crucial to research in this age of high-throughput data-generation. GVART will
be most useful to researchers who want to take a closer look at specific genes of interest after assembling a
transcriptome, for example to tackle real-world applications such as crop yield, and stress tolerance for plant
studies.
The tool could also be useful to investigate potential novel genes discovered during de novo transcriptome
assembly. Because de novo transcriptome assembly is not limited to sequences that match a reference, the
possibility of gene discovery is an exciting prospect. GVART would allow the researcher to see the sequences
that build up potential new genes, either determining if they are mis-assembled from nodes that belong to
other known genes or verifying them as potential novel genes.
While the tool is functional and feature complete in its current form, there are some issues with the app
and development is ongoing. For the assemblies generated in this study, there are some cases of Trinity TRs
with a large quantity of branching nodes that result in long complex paths. These are problematic to view
in the current application, and there is no current solution to divide the graph into segments. For the vast
majority of Trinity TRs though, the display is adequate to provide a means for comparing transcripts.
7.5 Future Work
There are some limitations to the functionality of the current softwares for de novo assembly of transcriptomes.
Currently, there is a limit put on Trinity at 31 bp k-mers. It would be interesting to unlock this constraint and
allow Trinity to generate assemblies using longer k-mers to be more comparable to the other two assemblers.
This would require a major modification of the software to rewrite the dependencies that use a 64-bit integer
with 2-bit encoding to store k-mer sequences. This may result in twofold increase in required memory, using
a 128-bit representation of the k-mer sequences vs the 64-bit method currently used. As assembly quality for
certain metrics increased up to the maximum k-mer length, improvements may continue beyond this barrier.
Additionally, due to the strange quality drops for certain k-mers in the Oases assembly, allowing a merge
of a non-continuous step through k-mer lengths of the single k assemblies would be interesting. Currently,
Oases does not allow the merging of custom sets of single k assemblies (e.g. 21–31 and 41–51, excluding poor
performing assemblies 33, 35, 37 and 39).
An often proposed means for improving assemblies is to merge or cluster multiple single k-mer assemblies
[68, 69]. In general, the Oases merge function did not prove useful in the duplicate B. napus transcriptome.
Oases assemblies resulted in an excessive number of transcripts that proved to be representative of the same
proportion of the expressed transcripts observed in the other assemblies. The clustering method, which is to
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combine multiple assemblies and remove redundant sequences, captures the worst of both extremes of the k
spectrum. From short k assemblies, the cluster retains long transcripts with many variants originating from
all homeologs, while long k assemblies provide short fragments of highly precise sequence. Instead, multiple
k strategies could use the highly precise sequences from long k assemblies to resolve ambiguous pairings of
sequence variants. These fragments could instead be mapped to clusters of similar short k transcripts to
determine the chimers from the real transcripts.
Further investigation towards the ability of each assembler to differentiate between homeologous genes
could be done via a SNP-based approach. The PolyCat [70] software makes use of read data from both
progenitor species, compared to a reference of one of the progenitors, to determine single nucleotide poly-
morphisms that are representative of a specific homeolog of a pair. This software has been utilized in wheat,
another polyploid crop, to use the SNPs identified to assign RNA-seq reads to one of the sub-genomes. When
aligning the reads back to the transcripts, it is then possible to determine whether only reads derived from one
progenitor make up a transcript, or if the transcript contains sequences from both (chimeric). In B. napus,
RNA-seq data from Brassica rapa and Brassica oleracea could be used to perform this analysis. Additionally,
with the read-data split into categories of belonging to progenitor B. rapa, B. oleracea and undetermined,
two assembly processes could be undertaken in tandem using the assigned reads for each progenitor com-
bined with the undetermined origin reads. In a final step, these two assemblies combined may produce a
better quality overall assembly than what is possible when the assembler is responsible for resolving the read
similarities caused by homeologous genes.
In conjunction, these studies would further enable analysis of the B. napus transcriptome. With better
identification of chimeric assembled transcripts using homeolog specific SNPs, segments of each of the assem-
bled transcripts could be assigned to one of the progenitors and visualized by colour coding nodes, or node
segments in the GVART tool. This would be a useful method to visualize chimerism of homeologs within
transcriptome assembly and allow for better identification of the origins of assembled transcripts. Down-
stream analysis of the transcripts, and their relation to important plant traits are facilitated by new methods
for exploration and examination of de novo transcriptome assemblies. The potential benefits of these studies,
extend to gene trait identification which can assist plant breeders in identifying the genetic elements that
correspond to certain traits of interest such as yield, and plant robustness to abiotic or biotic stresses. The
global rise in demand for canola and other rapeseed production is driving competition to make the best
use of agricultural land space. Increasing yields, and developing crops that can withstand the conditions
of previously un-tapped land will allow Canada to meet these demands, and remain a global agricultural
powerhouse.
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Appendix A
CDS Representation of the Reference-Based Cufflinks
Assembly
Because only one Cufflinks assembly was produced, figures displaying the CDS representation statistics
for the single assembly were not shown in the Results chapter. The plots corresponding to those shown for
the three de novo assemblers are presented here for continuity.
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Figure A.1: Representation of coding DNA sequences for the Cufflinks reference-based assembly.
(a) Quantity and percentage of the total CDSs represented by assembled transcripts with two BLAT
stringencies: the default parameter set (gray) and full length BLAT alignments where the contig
covered at least 90% of the CDS bases with matches (black). (b) CDSs represented at full length
as a proportion of the CDSs represented in total by each assembly. (c) Proportion of the assembled
transcripts aligning to CDSs at sequence identities in 1% bins.
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Appendix B
Interpretation of Illumina RNA-seq Data Quality
The Illumina platform used has a known trend of per-base quality where a drop in phred score is observed
for 100 bp reads near the 40-50 bp range. This was considered as a possible explanation for assembly quality
drops for de novo de Bruijn graph assemblies using k-mer lengths of 40-50 bps. It is possibility that these
k-mers originating from either end of a read would have a single erroneous base at either end, which could
potentially result in an extension from another k-mer from a similar read originating from a different gene
locus. Although each read would still contain the path of k-mers from end to end, these erroneous k-mers at
the center could lead to some extra branching in the de Bruijn graph that is not biologically true. Additionally,
using k-mers shorter than this length would also result in k-mers with the potentially error prone 50th bp
at each end. The only difference is that longer k-mers would have the problematic 50th base pair, as well as
the potentially error prone ends of the sequences, resulting in both ends of the k-mer being more error prone
than shorter k-mer lengths.
B.1 RNA-seq Data per-base Read Quality
The RNA-seq dataset used in this thesis was examined for per-base read quality using the FastQC tool
[56]. A drop in quality was observed around the 50 bp region, resulting in a minimum phred score of 30
corresponding to an error rate of 0.01% (99.9% base accuracy). It is unclear if such a drop is enough to result
in sufficient errors in de Bruijn graph traversal to explain assembly quality drops for assemblies using k-mers
near 50 bps. k-mer lengths greater than 50 bps would go beyond the 50th base pair on both sides, which may
explain the sudden increase in assembly quality observed for the 51 bp k-mer SOAPdenovo-Trans assembly
over the 41 bp assembly.
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Figure B.1: Per-base quality scores of the Illumina RNA-seq data used for assembly (R1, forward
reads).
Figure B.2: Per-base quality scores of the Illumina RNA-seq data used for assembly (R2, reverse
reads).
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Appendix C
k-mer Repetition Analysis
We examined the repetition of k-mers of various lengths corresponding to the k-mer lengths used during
de novo transcriptome assembly. In particular, we hoped to find an explanation for the drop in quality
observed for assemblies using k-mer lengths between 31 and 41 bps, corresponding to the merged 31-41 bp
Oases assembly which displayed abnormally poor assembly quality relative to the other two assemblies. One
hypothesis for this poor quality was the existence of repetitive sequences within the read data corresponding
to the k-mer lengths used for assembly, resulting in an increase in ambiguity for de Bruijn graphs.
C.1 k-mer Repetition Histograms for Odd k-mer Lengths of 21 bp
up to 51 bp.
Unique k-mer occurrences were counted by the Jellyfish [48] software. The output is a set of ordered pairs
of the repetition counts from 1 to 10,000 and 10,00+ repeats, as well as the number of unique k-mers that
repeat the given number of times in the input read data. This data was plotted in R [49] using the ggplot2
[50] package (Figures C.1, C.2, C.3 and C.4)
C.2 Sums of Unique k-mers for Repeat Thresholds
The sum of the unique k-mers repeating for two thresholds, > 5 repeats (Figure C.5) and > 5, 000 repeats
(Figure C.6) These graphs show the distribution of the number of k-mers that repeat more than a given
threshold of times. We expect to see fewer k-mers with large number of repeats as k increases, as probability
dictates longer k-mers are less likely to be repeated. None of the k-mer lengths exhibited an obvious surfeit
of repetitive k-mers in comparison that would indicate a systematic problem at that k-mer length for de
Bruijn graph assembly.
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Figure C.1: Repetition counts of unique k-mers for odd k values from 21 bp up to 51 bp. Relatively
long k-mer lengths result in a large quantity of possible unique k-mers (unique k-mers = 4k) which
causes the extreme graph shape.
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Figure C.2: Repetition counts of unique k-mers for odd k values from 21 bp up to 51 bp between 5
and 100 repeats. Limiting the graph to relatively low repetition k-mers (less than 100 repeats) shows
some stratification of the various k-mers.
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Figure C.3: Repetition counts of unique k-mers for odd k values from 21 bp up to 51 bp between
1 and 10 repeats. Further limiting to less than 10 repeats shows the inversion of the trends. Longer
k-mers have a larger quantity of unique and low repeat k-mers (1, 2 and 3 repeats) while the trend
inverts around the 4 repeat mark.
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Figure C.4: Repetition counts of unique k-mers for odd k values from 21 bp up to 51 bp between
500 and 5,000 repeats. Points are used here instead of lines due to the more variable y values.
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Figure C.5: Sum of unique k-mers with repetition counts greater than 5 for odd k values from 21 bp
up to 51 bp.
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Figure C.6: Sum of unique k-mers with repetition counts greater than 5,000 for odd k values from
21 bp up to 51 bp.
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